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Abstract: The fundamental challenge of evaluating the impact of conservation interventions is that 

researchers must estimate the difference between the outcome after an intervention occurred and what the 

outcome would have been without it (counterfactual). Because the counterfactual is unobservable, 

researchers must make an untestable assumption that some units (e.g., organisms or sites) that were not 

exposed to the intervention can be used as a surrogate for the counterfactual (control). The conventional 

approach is to make a point estimate (i.e., single number plus a confidence interval) of impact, using for 

example regression. Point estimates provide powerful conclusions, but in non-experimental contexts they 

depend on strong assumptions about the counterfactual that often lack transparency and credibility. An 

alternative approach, called partial identification, is to first estimate what the counterfactual bounds 

would be if the weakest possible assumptions were made. Then, one narrows the bounds by using 

stronger but credible assumptions  based on an understanding of why units   were selected for the 

intervention and how they might respond to it. We applied this approach and compared it with 

conventional approaches by estimating the impact of a conservation program that removed invasive trees 

in part of the Cape Floristic Region. Even when we used our largest partial identification impact estimate, 

the program’s control costs were 1.4 times higher than previously estimated.  Partial identification holds 

promise for applications in conservation science because  it encourages researchers to better understand 

and account for treatment selection biases ;  can offer insights into the plausibility of conventional point-

estimate approaches;  could reduce the problem of advocacy in science; might be easier for stakeholders 

to agree on a bounded estimate than a point estimate where impacts are contentious; and  requires only 

basic arithmetic skills.   
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Introduction    

Despite growing demands for evaluations of the impacts of conservation interventions, credible evidence 

of impacts is still scarce (Miteva et al. 2012; Pattanayak et al. 2010). There is limited understanding on 

how policy actions unfold to influence behavioral change at any point in the policy cycle and how 

changes on the ground take place (Bell et al. 2011, Vedung 1997). Failure to document what conservation 

policies work,  when, and why has important implications for the dynamics of the conservation policy 

cycle and ultimately what impact scarce conservation funds have. We introduce an approach that 

addresses the challenge of assessing impacts of conservation interventions in non-experimental contexts 

and contributes to ongoing discussions on how impacts should be estimated that inform conservation 

policy and practice   (Baylis et al. 2015). 

To measure impact, researchers must compare the outcome after the intervention has occurred 

with the outcome had it not taken place (the counterfactual) (Ferraro 2009; Angrist & Pischke 2015). For 

example, the effect of an intervention to control invasive species would be the difference between 

invasive species presence after the removal treatment (Fig. 1, panel 1c) and what invasive presence would 

have been if removal had not occurred (Fig. 1, panel 1b). Because the counterfactual is unobservable, 

researchers have to assume that outcomes from a comparison or control group that was not exposed to the 

intervention can be used as a surrogate for the counterfactual outcome (e.g. Fig. 1, panel 1b). Thus, the 

credibility of estimates of conservation impacts weighs heavily on the plausibility of an untestable 

assumption about the counterfactual.   

The most credible and widely used setup to make counterfactual estimates is a randomized 

experiment. A researcher randomly assigns the intervention to a group of units (e.g. organisms or sites) 

that receives the treatment and a control group (the counterfactual surrogate) that does not. Given 

randomization of the treatment, the two groups   will  be, in expectation, similar, with the only difference 

being that one group is treated and the other is not. There is no bias in treatment assignment (assuming of 

course, perfect compliance); thus, any difference between the outcomes of the two groups can be causally 

https://www.researchgate.net/publication/276974996_Real-world_approaches_to_assessing_the_impact_of_environmental_research_on_policy?el=1_x_8&enrichId=rgreq-b9a5d7a1-2d51-4464-9201-703617eb7070&enrichSource=Y292ZXJQYWdlOzI4MTE0NTU0NjtBUzoyODE1NjE4MzM0NTk3MTVAMTQ0NDE0MDk4MDQ4MQ==
https://www.researchgate.net/publication/227616321_Counterfactual_Thinking_and_Impact_Evaluation_in_Environmental_Policy?el=1_x_8&enrichId=rgreq-b9a5d7a1-2d51-4464-9201-703617eb7070&enrichSource=Y292ZXJQYWdlOzI4MTE0NTU0NjtBUzoyODE1NjE4MzM0NTk3MTVAMTQ0NDE0MDk4MDQ4MQ==
https://www.researchgate.net/publication/259999136_Evaluation_of_biodiversity_policy_instruments_What_works_and_what_doesn't?el=1_x_8&enrichId=rgreq-b9a5d7a1-2d51-4464-9201-703617eb7070&enrichSource=Y292ZXJQYWdlOzI4MTE0NTU0NjtBUzoyODE1NjE4MzM0NTk3MTVAMTQ0NDE0MDk4MDQ4MQ==
https://www.researchgate.net/publication/227352633_Show_Me_the_Money_Do_Payments_Supply_Environmental_Services_in_Developing_Countries?el=1_x_8&enrichId=rgreq-b9a5d7a1-2d51-4464-9201-703617eb7070&enrichSource=Y292ZXJQYWdlOzI4MTE0NTU0NjtBUzoyODE1NjE4MzM0NTk3MTVAMTQ0NDE0MDk4MDQ4MQ==
https://www.researchgate.net/publication/258261302_Public_Policy_and_Program_Evaluation?el=1_x_8&enrichId=rgreq-b9a5d7a1-2d51-4464-9201-703617eb7070&enrichSource=Y292ZXJQYWdlOzI4MTE0NTU0NjtBUzoyODE1NjE4MzM0NTk3MTVAMTQ0NDE0MDk4MDQ4MQ==
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attributed to the treatment or to sampling error. The difference in mean outcomes between the two groups 

provides a point estimate of impact (i.e., a single number plus a confidence interval). 

Despite the power of randomization, most conservation programs will have limited ability to use 

random assignment as part of program implementation. In non-experimental contexts, researchers have to 

make far stronger, and hence less credible, assumptions about the counterfactual if they seek a point 

estimate of the causal effect of the program (Manski & Nagin 1998, Manski 2011). Instead of relying on 

random assignment, researchers have to select a comparison group based on in-depth knowledge about 

treatment assignment and systematically account for selection biases (i.e., why some units were treated 

and others were not [Ferraro & Hanauer 2014]).  

An alternative approach, called partial identification (PI), can be used on its own (Hazzah et al. 2014) 

or in combination with conventional point-estimate methods (e.g., Arriagada et al. 2012; McConnachie et 

al. 2015). The method sequentially explores the implications of different assumptions on the range of 

counterfactual outcomes, increasing the strength of the assumptions and assessing how each assumption 

choice affects the range of impact estimates (the identification region) (Manski 2007). To demonstrate the 

approach, we assessed the effectiveness and cost-effectiveness of the non-experimental Working for 

Water (WfW) program. This program seeks to protect ecosystem services and biodiversity by controlling 

invasive alien trees in a region of South Africa (van Wilgen et al. 1998).  

 

Methods          

Case study background 

Working for Water is a national public works program that employs poor South Africans to remove 

invasive plants (https://www.environment.gov.za/projectsprogrammes/wfw). Established in 1995, the 

program is arguably the world’s most ambitious invasive plant control program (Keonig 2009) and 

Africa’s largest conservation and development initiative with an annual budget of over US$50 million 

https://www.environment.gov.za/projectsprogrammes/wfw
https://www.researchgate.net/publication/227639236_Do_Payments_for_Environmental_Services_Affect_Forest_Cover_A_Farm-Level_Evaluation_from_Costa_Rica?el=1_x_8&enrichId=rgreq-b9a5d7a1-2d51-4464-9201-703617eb7070&enrichSource=Y292ZXJQYWdlOzI4MTE0NTU0NjtBUzoyODE1NjE4MzM0NTk3MTVAMTQ0NDE0MDk4MDQ4MQ==
https://www.researchgate.net/publication/227639236_Do_Payments_for_Environmental_Services_Affect_Forest_Cover_A_Farm-Level_Evaluation_from_Costa_Rica?el=1_x_8&enrichId=rgreq-b9a5d7a1-2d51-4464-9201-703617eb7070&enrichSource=Y292ZXJQYWdlOzI4MTE0NTU0NjtBUzoyODE1NjE4MzM0NTk3MTVAMTQ0NDE0MDk4MDQ4MQ==
https://www.researchgate.net/publication/275289533_Advances_in_Measuring_the_Environmental_and_Social_Impacts_of_Environmental_Programs?el=1_x_8&enrichId=rgreq-b9a5d7a1-2d51-4464-9201-703617eb7070&enrichSource=Y292ZXJQYWdlOzI4MTE0NTU0NjtBUzoyODE1NjE4MzM0NTk3MTVAMTQ0NDE0MDk4MDQ4MQ==
https://www.researchgate.net/publication/260215193_Efficacy_of_Two_Lion_Conservation_Programs_in_Maasailand_Kenya?el=1_x_8&enrichId=rgreq-b9a5d7a1-2d51-4464-9201-703617eb7070&enrichSource=Y292ZXJQYWdlOzI4MTE0NTU0NjtBUzoyODE1NjE4MzM0NTk3MTVAMTQ0NDE0MDk4MDQ4MQ==
https://www.researchgate.net/publication/37711908_Identification_for_Prediction_and_Decision?el=1_x_8&enrichId=rgreq-b9a5d7a1-2d51-4464-9201-703617eb7070&enrichSource=Y292ZXJQYWdlOzI4MTE0NTU0NjtBUzoyODE1NjE4MzM0NTk3MTVAMTQ0NDE0MDk4MDQ4MQ==
https://www.researchgate.net/publication/266972256_Estimating_the_effect_of_plantations_on_pine_invasions_in_protected_areas_A_case_study_from_South_Africa?el=1_x_8&enrichId=rgreq-b9a5d7a1-2d51-4464-9201-703617eb7070&enrichSource=Y292ZXJQYWdlOzI4MTE0NTU0NjtBUzoyODE1NjE4MzM0NTk3MTVAMTQ0NDE0MDk4MDQ4MQ==
https://www.researchgate.net/publication/266972256_Estimating_the_effect_of_plantations_on_pine_invasions_in_protected_areas_A_case_study_from_South_Africa?el=1_x_8&enrichId=rgreq-b9a5d7a1-2d51-4464-9201-703617eb7070&enrichSource=Y292ZXJQYWdlOzI4MTE0NTU0NjtBUzoyODE1NjE4MzM0NTk3MTVAMTQ0NDE0MDk4MDQ4MQ==
https://www.researchgate.net/publication/30509491_Ecosystem_services_efficiency_sustainability_and_equity_South_Africa's_Working_for_Water_Programme?el=1_x_8&enrichId=rgreq-b9a5d7a1-2d51-4464-9201-703617eb7070&enrichSource=Y292ZXJQYWdlOzI4MTE0NTU0NjtBUzoyODE1NjE4MzM0NTk3MTVAMTQ0NDE0MDk4MDQ4MQ==
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(van Wilgen et al. 1998). Despite the program’s magnitude, little is known about its impact 

(McConnachie et al. 2012, 2013). 

 We focused on alien tree removal activities within a large (1,451 km
2
) mountainous area of the Cape 

Floristic Region (CFR) (Fig. 2). The predominant vegetation type is fynbos, a fire-prone shrubland that is 

susceptible to invasion by fire-adapted invasive trees, even in the absence of human disturbance. Fynbos 

areas covered by invasive trees consume more water than unoccupied fynbos, resulting in a reduction in 

water availability (Le Maitre et al. 1996). The CFR contains over 9000 plant species (6210 endemics). 

Invasion by alien trees is a major risk to the flora, 3087 plant taxa (2972 endemics) are of conservation 

concern and 1736 taxa (1690 endemics) are in danger of extinction (Raimondo et al. 2009). 

In the study area, the long-term goal of WfW  is to restore the cover and composition of native fynbos 

plant species and in so doing to increase water run-off and reduce threats to biodiversity conservation. 

These goals are achieved by first felling invasive trees and then destroying young re-growth with 

herbicide spray applications, whilst relying on passive recovery of native vegetation (Holmes et al. 2008). 

If the young re-growth is not treated before it is approximately chest height it has to be re-felled through 

costly mechanical clearing methods. Timely and effective follow-up treatments are therefore vital for the 

long-term success of the program (McConnachie et al. 2012).   

 

Data 

We used presence and absence data on invasive trees in cell units of 20 x 20 m for the years 1987 (before 

WfW) and 2010 (after WfW) for all the units in the study area (Nn= 3.70 million cell units) (Fig. 2 and 

Table 1). We classified units as treated if they intersected the program’s treatment management areas. The 

management areas comprised about 31.9% of the study area. Treatment records began after 2000 when 

most of WfW’s activities started. Some removal activities, for which we had no records, were carried out 

by other agencies prior to when WfW treatments began in the 1990s after the 1987 baseline estimate. We 

knew that most of these unrecorded activities were located on untransformed protected-area land and 

state-plantation areas that were abandoned and subsequently cleared in the 1990s (Louw 2004). These 

https://www.researchgate.net/publication/248567486_Guidelines_for_improved_management_of_riparian_zones_invaded_by_alien_plants_in_South_Africa?el=1_x_8&enrichId=rgreq-b9a5d7a1-2d51-4464-9201-703617eb7070&enrichSource=Y292ZXJQYWdlOzI4MTE0NTU0NjtBUzoyODE1NjE4MzM0NTk3MTVAMTQ0NDE0MDk4MDQ4MQ==
https://www.researchgate.net/publication/271758402_Invasive_Plants_and_Water_Resources_in_the_Western_Cape_Province_South_Africa_Modelling_the_Consequences_of_a_Lack_of_Management?el=1_x_8&enrichId=rgreq-b9a5d7a1-2d51-4464-9201-703617eb7070&enrichSource=Y292ZXJQYWdlOzI4MTE0NTU0NjtBUzoyODE1NjE4MzM0NTk3MTVAMTQ0NDE0MDk4MDQ4MQ==
https://www.researchgate.net/publication/238047203_General_history_of_the_South_African_Forest_Industry_2003_to_2006?el=1_x_8&enrichId=rgreq-b9a5d7a1-2d51-4464-9201-703617eb7070&enrichSource=Y292ZXJQYWdlOzI4MTE0NTU0NjtBUzoyODE1NjE4MzM0NTk3MTVAMTQ0NDE0MDk4MDQ4MQ==
https://www.researchgate.net/publication/256669007_Evaluating_the_cost-effectiveness_of_invasive_alien_plant_clearing_A_case_study_from_South_Africa?el=1_x_8&enrichId=rgreq-b9a5d7a1-2d51-4464-9201-703617eb7070&enrichSource=Y292ZXJQYWdlOzI4MTE0NTU0NjtBUzoyODE1NjE4MzM0NTk3MTVAMTQ0NDE0MDk4MDQ4MQ==
https://www.researchgate.net/publication/256669007_Evaluating_the_cost-effectiveness_of_invasive_alien_plant_clearing_A_case_study_from_South_Africa?el=1_x_8&enrichId=rgreq-b9a5d7a1-2d51-4464-9201-703617eb7070&enrichSource=Y292ZXJQYWdlOzI4MTE0NTU0NjtBUzoyODE1NjE4MzM0NTk3MTVAMTQ0NDE0MDk4MDQ4MQ==
https://www.researchgate.net/publication/30509491_Ecosystem_services_efficiency_sustainability_and_equity_South_Africa's_Working_for_Water_Programme?el=1_x_8&enrichId=rgreq-b9a5d7a1-2d51-4464-9201-703617eb7070&enrichSource=Y292ZXJQYWdlOzI4MTE0NTU0NjtBUzoyODE1NjE4MzM0NTk3MTVAMTQ0NDE0MDk4MDQ4MQ==
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were mostly areas that WfW later also treated (see treated-untreated covariate balance statistics in the 

Supporting Information). Where relevant, for each estimator we discussed how this could result in the 

treatment effect of WfW being overestimated or the in the case of PI how it could be used to bound 

impact estimates. Total treatment costs (in South African rands [ZAR]) from 2000 to 2010, including 

project management costs, were drawn from treatment management data. To account for inflation 

(approximately 6% per annum), we adjusted all costs to 2014 ZAR. Cost-effectiveness was calculated by 

dividing the total treatment costs by the reduced area of invasive trees attributable to the WfW 

intervention.   

  

Defining conservation impact 

We estimated the difference between observable expected outcomes of treated units and the unobservable 

expected outcome of these units had they not been treated. In the terminology of impact evaluation, this 

impact is called “the average treatment effect on the treated” (ATT). The ATT is a common type of 

impact evaluated in non-experimental studies (see Ferraro and Hanauer [2014] for other types of impact 

estimates). In the context of WfW, the expected outcome of the treated group was the expected 

percentage of units occupied by invasive trees in 2010 for units treated by WfW. The expected 

counterfactual outcome was the expected percentage of invaded units had these treated units not been 

treated (Fig. 1).  

In Fig. 1, panel 1a shows 9 hypothetical units in the study area in the year 1987 that were eventually 

treated (hereafter denoted  D=1) sometime between 2000 and 2010. In 1987 the units had two potential 

outcomes in terms of percentage of units occupied by invasive trees: the potential outcome if the 

treatment were to happen (panel 1c, hereafter  Y
1
2010) and the potential outcome were it not to happen 

(panel 1b, hereafter  Y
0
2010). Therefore, the ATT in this graphical example is the expected difference 

between these two potential outcomes for the population of treated units (i.e., panel 1c minus panel 1b):   

                                              ATT = E[(Y
1

2010 – Y
0

2010) | D=1]     

                                                      = (0/9 – 5/9) x 100 = -56%  
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Only (Y
1

2010 | D =1) (panel 1c) is observable, from which we can estimate E[(Y
1
2010 | D = 1)]. The 

expected outcome if panel 1a were not treated, E[(Y
0

2010 | D =1)], is an unobservable counterfactual (panel 

1b). To estimate this expected outcome, one has to make the untestable assumption that the outcome from 

a comparison group, drawn from units that were not treated (e.g. panel 2b), is a surrogate for the 

counterfactual outcome of the treated units. Alternatively, a researcher could also model the 

counterfactual as discussed below (see Discussion).    

 

Partial identification of impact and conventional approaches 

We bounded impact estimates with the PI approach, starting with no assumptions (approach 1) and then 

adding assumptions about the counterfactual outcome (monotone treatment selection and response, 

approach 2 and 3 respectively). We also considered some conventional point-estimate approaches and 

their related assumptions: modeling counterfactual outcomes (approach 4), naïve treated-untreated 

comparison (approach 5), before-after treatment comparison (approach 6), before-after-control-

intervention comparison (BACI) (approach 7), and conditioning (approach 8). We assessed how credible 

it would be to make the assumptions of conventional point-estimate approaches given the available data. 

For each approach, we also determined how the strong assumptions used to make the respective point-

estimates can be relaxed to make more credible bounded estimates.  

A summary of assumptions and estimates of the PI and point-estimate approaches are provided in 

Table 2 and Fig. 3. We did not include measures of sampling variability (confidence regions) for the PI 

bounds because we used a population estimate. Confidence regions for PI bounds can be calculated in R 

and other statistical software (Imbens and Manski 2004).  

 

Results   

  

No assumptions for partial identification  

https://www.researchgate.net/publication/5110859_Confidence_intervals_for_partially_identified_parameters?el=1_x_8&enrichId=rgreq-b9a5d7a1-2d51-4464-9201-703617eb7070&enrichSource=Y292ZXJQYWdlOzI4MTE0NTU0NjtBUzoyODE1NjE4MzM0NTk3MTVAMTQ0NDE0MDk4MDQ4MQ==


8 
  

As an estimator of E[(Y
1
2010 | D=1)], we used the average percentage of treated units occupied by invasive 

trees in 2010: 2.87% (Table 1). Without making any assumptions about the unobservable expected 

counterfactual outcome E[(Y
0

2010 | D=1)], we knew that it could be no higher than 100% (all units would 

be occupied had WfW not intervened) and no smaller than 0% (no units occupied even if WfW had no 

intervened). Therefore, with these two extreme values, we bounded our ATT estimate within an 

identification region with the following lower (i.e., best program WfW impact that leads to the greatest 

possible invasive tree reduction compared with the counterfactual, hence negative value) and upper (i.e., 

worst program impact compared to the counterfactual) bounds:       

 

                                           E[(Y
1
2010 – Y

0
2010 )| D=1] ≤ ATT ≤ E[(Y

1
2010 – Y

0
2010) | D=1]            

       (2.87 – 100) ≤ ATT ≤ (2.87 – 0) 

                                             -97.13% ≤ ATT ≤ 2.87%.   (1) 

 

By  having only knowledge of average percentage of treated units occupied by invasive trees, it was 

possible to narrow the interval width from 200 percentage points without any information (i.e, [-100, 

100]) to no greater than 100 percentage points (i.e., [-97.13, 2.87]) (Table 2). The lower-bound (value on 

the left) implies that WfW caused a 97.13% reduction in invasive tree presence. The upper-bound implies 

that WfW caused an increase in invasive tree presence (i.e., implying that, after clearing the units, 

invasive trees spread faster than they would have if the units had not been cleared) (also see Figure 3).    

 

Monotone treatment selection assumption for partial identification 

The monotone treatment selection assumption (MTS; Manski & Pepper 2000) is that either positive or 

negative treatment-selection bias is stronger between the treated and untreated units. Negative selection 

implies treatment is assigned to units that, in the absence of treatment, have lower levels of invasion, on 

average, than untreated units. Positive selection implies the opposite relationship between treatment and 

potential outcomes in the absence of treatment. In some conservation contexts, one can make a credible 



9 
  

assumption about the likely direction of selection based on a strong understanding of program 

implementation; specifically, an understanding of why some units were selected for treatment by the 

program and others were not (e.g., Arriagada et al. 2012; McConnachie et al. 2015). Factors that cause 

selection bias (i.e., jointly affect the probability of being treated and the outcome in the treatment’s 

absence) are called confounder variables (Angrist and Pischke 2015). 

In our study area, negative selection is plausible. The WfW program in the study region targets 

untransformed natural areas because of the greater chance of native plant recovery (Holmes et al. 2008) 

and greater associated expected prevention of native biodiversity loss (Higgins et al. 2001). We know 

from studies (e.g., Rouget et al. 2003, Spear et al. 2014) that higher levels of invasion are associated with 

human transformed areas that WfW tends to avoid (for empirical patterns consistent with negative 

selection, see the covariate balance statistics between the characteristics of treated and untreated units in 

the Supporting Information). The invasive tree presence in 1987 offered support for this assumption: 

invasive tree presence was lower on treated than untreated units before the treatments happened (Table 1). 

In addition, we knew that most of the pre-WfW clearing activities were located on WfW treated units. 

Therefore the true pre-treatment invasive tree presence on treated units is likely to be lower than the 1987 

baseline presence.    

The assumption of negative selection implies that the expected unobservable counterfactual outcome 

of treated units is no higher than the observable expected outcome on untreated units, that is  E[(Y
0
2010 | D 

= 1)] ≤ E[(Y
0

2010 | D = 0)]. Using observable data from untreated units, we estimated E[(Y
0
2010 | D = 0)]: 

8.33% (based on results in Table 1). Making the plausible assumption of negative selection in the WfW 

program drastically reduced the lower-bound of the ATT from -97.13 to -5.46:   

                                      -5.46% = (2.87 – 8.33) ≤ ATT ≤ (2.87 – 0) = 2.87%.  (2) 

 

Two sources of positive selection could undermine our MTS assumption. First, WfW usually avoided 

treating areas far from roads and at high altitudes, which are areas that are less accessible and thus 

typically less invaded. Second, WfW may have targeted riparian areas because invasive trees consume 

https://www.researchgate.net/publication/227639236_Do_Payments_for_Environmental_Services_Affect_Forest_Cover_A_Farm-Level_Evaluation_from_Costa_Rica?el=1_x_8&enrichId=rgreq-b9a5d7a1-2d51-4464-9201-703617eb7070&enrichSource=Y292ZXJQYWdlOzI4MTE0NTU0NjtBUzoyODE1NjE4MzM0NTk3MTVAMTQ0NDE0MDk4MDQ4MQ==
https://www.researchgate.net/publication/228021513_Validation_of_a_spatial_simulation_model_of_a_spreading_alien_plant_population_Journal_of_Applied_Ec?el=1_x_8&enrichId=rgreq-b9a5d7a1-2d51-4464-9201-703617eb7070&enrichSource=Y292ZXJQYWdlOzI4MTE0NTU0NjtBUzoyODE1NjE4MzM0NTk3MTVAMTQ0NDE0MDk4MDQ4MQ==
https://www.researchgate.net/publication/248567486_Guidelines_for_improved_management_of_riparian_zones_invaded_by_alien_plants_in_South_Africa?el=1_x_8&enrichId=rgreq-b9a5d7a1-2d51-4464-9201-703617eb7070&enrichSource=Y292ZXJQYWdlOzI4MTE0NTU0NjtBUzoyODE1NjE4MzM0NTk3MTVAMTQ0NDE0MDk4MDQ4MQ==
https://www.researchgate.net/publication/266972256_Estimating_the_effect_of_plantations_on_pine_invasions_in_protected_areas_A_case_study_from_South_Africa?el=1_x_8&enrichId=rgreq-b9a5d7a1-2d51-4464-9201-703617eb7070&enrichSource=Y292ZXJQYWdlOzI4MTE0NTU0NjtBUzoyODE1NjE4MzM0NTk3MTVAMTQ0NDE0MDk4MDQ4MQ==
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more water (Holmes et al. 2008). Riparian areas could also be more invaded. But for our MTS assumption 

to be violated, these two potential sources of positive selection would have to be stronger than the well-

known sources of negative selection described above. In our study site, the difference between the 

accessibility and proportion of riparian areas in the treated and untreated groups was not large enough to 

affect invasive tree presence (see Supporting Information); thus, we believe it is plausible to make a 

negative selection MTS assumption. 

 

Monotone treatment response assumption for partial identification 

The monotone treatment response (MTR) (Manski & Pepper 1997) assumption states that the treatment 

has either a positive effect on outcomes for all units (impact is zero or positive) or a negative effect. This 

assumption implies the ATT impact estimate can be greater or less than zero. In our study area, it might 

be plausible to assume that the effect of WfW on a given unit cannot be positive (i.e., clearing invasive 

trees would not cause any unit to become occupied by invasive trees). This assumption resulted in the 

lower bound on the left (best possible program performance) of the ATT shifting from 2.87 to zero. The 

new range based on only the MTR assumption was 

                                     - 97.13% = (2.87 – 100) ≤ ATT ≤ (2.87 – 2.87) = 0%.   (3) 

Combining the negative MTS and MTR assumptions yields the following bounds on the ATT: 

                                      -5.46% ≤ ATT ≤ 0%   

  

Our MTR assumption would be implausible, if for example, clearing of non-native trees had the 

perverse effect of creating favorable conditions for the establishment of more and potentially new 

invasive non-native species that were impossible to control.  

Modeling counterfactual outcomes for point-estimation 

Some conservation studies model the expected counterfactual outcome based on modeling assumptions 

about what would have happened in the absence of the treatment from the pre-treatment outcome state 

https://www.researchgate.net/publication/248567486_Guidelines_for_improved_management_of_riparian_zones_invaded_by_alien_plants_in_South_Africa?el=1_x_8&enrichId=rgreq-b9a5d7a1-2d51-4464-9201-703617eb7070&enrichSource=Y292ZXJQYWdlOzI4MTE0NTU0NjtBUzoyODE1NjE4MzM0NTk3MTVAMTQ0NDE0MDk4MDQ4MQ==
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(e.g. McConnachie et al. 2012). In our case, calculating the counterfactual outcome involved setting the 

baseline invasion based on data from 1987 (i.e., Y
0

1987 | D =1)  and then multiplying it by an annual spread 

rate from 1987 till 2010, which would give the counterfactual outcome in 2010 (Y
0
2010 |D = 1). We derive 

the spread rate from prior research (Higgins, Richardson & Cowling 2000; Moeller 2010): estimated 

spread rates between 3.75 – 20.6%. Using these respective spread rates and assuming this counterfactual 

spread rate holds over 23 years, the ATT equaled 

                                 ATT3.75% spread per annum = [(2.87) – (8.19 x 3.75%
23

)] = -16.3%  and  

                                 ATT20.6% spread per annum = [(2.87) – (8.19 x 20.6%
23

)] = -605.6%.   (4) 

   

Modeling the counterfactual in this way yielded substantially larger estimates of WfW impacts than 

were derived using the PI approach and an MTS assumption of negative selection. Assuming higher 

spread rates made the difference in the two estimates even larger. If one believes the rather weak MTS 

assumption, these modeling estimates are not credible in our study area. The most likely reason invasive 

trees did not spread as rapidly as the modeled estimates is that other studies assessed spread in the 

absence of any clearing, whereas in our study area other clearing took place.  

  

Naïve treated-untreated comparison for point-estimation 

Unlike the modeling approach, the naïve treated-untreated comparison approach uses data on untreated 

units as a surrogate for the expected outcome in the absence of treatment for treated units. It assumes 

there is no treatment selection bias. In other words, the counterfactual expected outcome is assumed to be 

the same as the expected outcome on untreated units: E[(Y
0

2010 | D = 1)] = E(Y
0

2010 | D = 0)].  This 

assumption allows one to make an impact estimate by simply subtracting the average outcome on 

untreated units from that of treated units.   

Using observable data on untreated units (Table 1), we estimated E(Y
0

2010 | D = 0)] = 8.33%. The 

resulting point estimate for the ATT was 

                                                     ATT = E(Y
1

2010 - Y
0

2010 | D = 1)                                                      

https://www.researchgate.net/publication/256669007_Evaluating_the_cost-effectiveness_of_invasive_alien_plant_clearing_A_case_study_from_South_Africa?el=1_x_8&enrichId=rgreq-b9a5d7a1-2d51-4464-9201-703617eb7070&enrichSource=Y292ZXJQYWdlOzI4MTE0NTU0NjtBUzoyODE1NjE4MzM0NTk3MTVAMTQ0NDE0MDk4MDQ4MQ==
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                                                               = (2.87 – 8.33) = -5.46% .  (5) 

The assumption that E[(Y
0
2010 | D = 1)] = E(Y

0
2010 | D = 0)] is very strong and usually impossible to 

justify in non-experimental contexts because it implies that treatment assignment is equivalent to random 

assignment (Ferraro & Hanauer 2014). We expected to see negative treatment selection. Thus, rather than 

using this approach to generate a point estimate of the ATT, it was more plausible to view it as a lower 

bound (as derived in approach 3, MTS assumption).  

  

Before-after treatment comparison for point-estimation 

This approach assumes that, in the absence of treatment, the expected outcome is the same as it is pre-

treatment, which allows one to make an impact estimate by simply subtracting the average outcome on 

treated units before and after treatment. The no-change assumption assumed the counterfactual outcome 

(e.g., panel 1b, Fig. 3) was the same as before the intervention was implemented (e.g., panel 1a, Fig. 3), 

that is:  E[(Y
0

2010 | D = 1)] = E[(Y
0
1987 | D = 1)]. Using data from Table 1, E[(Y

0
1987 | D = 1)] = 8.19%. 

Therefore the point estimate of the ATT was 

                                                     ATT = E(Y
1

2010 - Y
0

1987 )| D = 1                                                                                                             

                                                              = (2.87 – 8.19) = -5.32%.   (6) 

 

In most conservation cases, the no-change assumption is difficult to justify. In our case, we expected 

the percentage of units occupied by non-native trees to decline from 1987 to 2010 even in the absence of 

the WfW program because many non-native tree plantations in the area were abandoned and clearcut in 

the 1990s before our treatment records began. These plantations made up a sizable fraction of the pre-

treatment, non-native tree population in the study area.  

 More sensibly, relative to using the no-change assumption to make a point estimate, we used the no-

change assumption to   narrow the lower bound of our PI region from -5.46% (based on approach 3, MTS 

assumption) to -5.32% as calculated above. We therefore made the more credible but weaker assumption 

that the counterfactual outcome is not greater than the pre-treatment outcome on treated units (8.19%). 

https://www.researchgate.net/publication/275289533_Advances_in_Measuring_the_Environmental_and_Social_Impacts_of_Environmental_Programs?el=1_x_8&enrichId=rgreq-b9a5d7a1-2d51-4464-9201-703617eb7070&enrichSource=Y292ZXJQYWdlOzI4MTE0NTU0NjtBUzoyODE1NjE4MzM0NTk3MTVAMTQ0NDE0MDk4MDQ4MQ==
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Before-After-Control-Intervention comparison for point-estimation 

Also called differences in differences, the BACI approach uses changes over time in the untreated group 

outcome variable (from pre to post-treatment) to adjust treatment group changes that would have 

happened in the absence of treatment; the net change is attributed to the treatment (or sampling error). By 

assessing changes instead of levels (e.g., approaches 5 and 6), researchers hope to eliminate fixed (time 

invariant) differences that might otherwise confound impact estimates.  For example, a possible 

confounding factor in our case study was that WfW favors treating state protected land. These areas are 

less disturbed and invaded than other land ownership types and hence would be less likely to be invaded 

in the absence of the treatment (Supporting Information). If the effect of this confounder does not change 

over time, then it can potentially be eliminated by controlling for pre-treatment differences in the outcome 

variable.   

The key assumption is that expected change in pre and post-treatment outcomes for both groups is the 

same in the absence of treatment (i.e. they move in parallel; called the equal trends assumption): E[(Y
0

2010 

– Y
0

1987) | D=1] = E[(Y
0
2010 – Y

0
1987) | D=0]. To calculate the ATT, average pre and post-treatment 

expected outcomes are first subtracted from one another for treated and untreated groups. These values 

indicate respective average changes in the outcome variable for the two groups. Second, the resulting 

group changes are subtracted from one another. For example in Fig. 1, the approach was calculated as 

follows: (panel 1c - panel 1a) – (panel 2b - panel 2a). In our case study, the ATT was calculated as 

follows (with values from Table 1):  

                                          ATT = E[(Y
1

2010  – Y
0
1987) | D=1] - E[(Y

0
2010 – Y

0
1987) | D=0] 

                                                      = (2.87 - 8.19) – (8.33 – 8.75) = -4.9% .     (7) 

The equal trends assumption depends on four strong but often ignored assumptions, some of which 

also apply to other approaches (Ferraro and Miranda 2014). First, the treatment effect is assumed to be 

additive and constant (homogenous). This assumption was difficult for us to make because the treated and 

untreated groups had different levels that likely moderate the treatment effect (Supporting Information). 

https://www.researchgate.net/publication/275289533_Advances_in_Measuring_the_Environmental_and_Social_Impacts_of_Environmental_Programs?el=1_x_8&enrichId=rgreq-b9a5d7a1-2d51-4464-9201-703617eb7070&enrichSource=Y292ZXJQYWdlOzI4MTE0NTU0NjtBUzoyODE1NjE4MzM0NTk3MTVAMTQ0NDE0MDk4MDQ4MQ==
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For example, treated areas have a higher proportion of units located in untransformed land, and units with 

more untransformed land likely have higher treatment effects (i.e., treatment effects are not constant for 

all units). Second, the functional form is assumed linear. Like the additive treatment effect assumption, 

this assumption is difficult to make when confounders are imbalanced between treated and untreated 

units. Furthermore, in most conservation contexts it is difficult to assume that changes over time will be 

linear. Third, treatment assignment is assumed to be correlated only with fixed characteristics of the land 

units rather than time-varying characteristics, such as lagged presence of invasive species. Fourth, units 

respond in the same way to common time shocks. Consequently, we contend the BACI approach is more 

credible as a lower-bound estimate than a point estimate. Thus, the lower bound (biggest possible 

reduction) of the ATT increased from -5.46% (with approach 2, MTS PI assumption) to -4.9%.  

 

Conditioning for point-estimation 

Conditioning (e.g., regression or matching methods) is an approach used to account for confounding 

factors when all confounders can be observed and measured (while approach 7 is usually used when some 

confounders are unobservable but time invariant). Conditioning works by reweighting the untreated units 

to select a counterfactual from untreated units that, on average, is balanced in the distribution of 

observable confounding factors. This assumption can be formally defined as (Y
0

2010 | D=1, X) = (Y
0

2010 | D 

=0, X), where X is the set of confounding characteristics. Conditioning implicitly assumes that 

unobservable confounders do not exist or are perfectly correlated with X (Ferraro and Hanauer 2014). 

In our case study, observable confounders fell into five major categories. The first two categories 

were related to land ownership and land use (related to preference for working on state protected land that 

was untransformed; which as mentioned is typically less invaded). The next category included covariates 

related to the presence and density of invasive trees prior to treatment. We knew the program tended to 

treat less dense invasions because they were expected to pose the greatest spread risk (Higgins et al. 

2001). The next categories, discussed above, were related to accessibility and where invasive trees grow. 

https://www.researchgate.net/publication/275289533_Advances_in_Measuring_the_Environmental_and_Social_Impacts_of_Environmental_Programs?el=1_x_8&enrichId=rgreq-b9a5d7a1-2d51-4464-9201-703617eb7070&enrichSource=Y292ZXJQYWdlOzI4MTE0NTU0NjtBUzoyODE1NjE4MzM0NTk3MTVAMTQ0NDE0MDk4MDQ4MQ==
https://www.researchgate.net/publication/228021513_Validation_of_a_spatial_simulation_model_of_a_spreading_alien_plant_population_Journal_of_Applied_Ec?el=1_x_8&enrichId=rgreq-b9a5d7a1-2d51-4464-9201-703617eb7070&enrichSource=Y292ZXJQYWdlOzI4MTE0NTU0NjtBUzoyODE1NjE4MzM0NTk3MTVAMTQ0NDE0MDk4MDQ4MQ==
https://www.researchgate.net/publication/228021513_Validation_of_a_spatial_simulation_model_of_a_spreading_alien_plant_population_Journal_of_Applied_Ec?el=1_x_8&enrichId=rgreq-b9a5d7a1-2d51-4464-9201-703617eb7070&enrichSource=Y292ZXJQYWdlOzI4MTE0NTU0NjtBUzoyODE1NjE4MzM0NTk3MTVAMTQ0NDE0MDk4MDQ4MQ==
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To control for these confounders, we used a matching method in R (Sekhon 2011).  With the data in 

Table 1, we chose a matching algorithm that gave us the best balance: a genetic search optimization 

algorithm (Diamond & Sekhon 2005) with 1-to-1 matching with replacement.  Based on this step, the 

counterfactual estimate, (Y2010
0
 | D = 1, X), equaled 5.5%. The resulting ATT was        

                                                      ATT = E[(Y
1

2010 - Y
0

2010)| D =1), X]                                                      

                                                               = (2.7 – 5.5) = -2.8% (SE 0.8, p-value 0.001). (8) 

 

If after matching there were still differences in the pre-treatment values (e.g., invasive tree presence), 

the conditioning assumption was less credible. In such situations the program evaluation literature 

suggests doing a BACI (approach 7) on the matched sample (Ho et al. 2007). The BACI equal-trends 

assumption combined with the conditioning assumption would therefore be a weaker and thus more 

credible assumption than either assumption alone. In our study, there was no difference between the 

conditioning estimator and the BACI estimator derived from the matched sample because the average pre-

treatment invasive tree presence value (7.8%) was the same for the treated and matched control units 

(Supporting Information). Therefore, the ATT had the same value as above: 

                                          ATT = E[(Y
1

2010  – Y
0
1987) | D=1] - E[(Y

0
2010 – Y

0
1987) | D=1, X] 

                                                      = (2.87 - 7.8) – (5.5 – 7.8) = -2.8% (SE 0.8, p-value 0.001)     

 

One of the major problems that can undermine the conditioning assumption is that it is difficult to 

know which and how many confounders to control. With smaller samples only a few confounders can be 

included, and even for larger samples it can be difficult to find valid counterfactuals (i.e., sufficient 

balance) for a large number of confounders (King & Zeng 2006).  

However, the strong assumptions of the conditioning approach, or any of the other conventional 

approaches (4-8), are not essential. With the PI approach, one can still draw policy-relevant conclusions 

without having to invoke strong and less believable assumptions.  

 

https://www.researchgate.net/publication/31237059_Matching_as_Nonparametric_Preprocessing_to_Reduce_Model_Dependence_in_Parametric_Causal_Inference?el=1_x_8&enrichId=rgreq-b9a5d7a1-2d51-4464-9201-703617eb7070&enrichSource=Y292ZXJQYWdlOzI4MTE0NTU0NjtBUzoyODE1NjE4MzM0NTk3MTVAMTQ0NDE0MDk4MDQ4MQ==
https://www.researchgate.net/publication/44256138_The_Dangers_of_Extreme_Counterfactuals?el=1_x_8&enrichId=rgreq-b9a5d7a1-2d51-4464-9201-703617eb7070&enrichSource=Y292ZXJQYWdlOzI4MTE0NTU0NjtBUzoyODE1NjE4MzM0NTk3MTVAMTQ0NDE0MDk4MDQ4MQ==
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Discussion     

Deciding what combination of assumptions to maintain 

We have shown how the identification of conservation impact does not have to be an all-or-nothing 

endeavor. Using PI, researchers and practitioners can make valuable inferences even if the comparison 

group is not a good surrogate for the counterfactual, as is required for conventional point-estimate 

approaches. In our case study, when we combined the MTR and MTS assumptions (2 and 3), the 

identification region for the ATT was [-5.46%, 0%] (Fig.4). The fact that the conditioning estimate 

(assumption 8) fell within this region strengthens our confidence in the identification region and provides 

some evidence that the intervention had an impact. Previous studies estimated that it will cost the program 

at most ZAR10 310 per reduced hectare of invasive trees (Marais & Wannenburgh 2008, adjusted for 

inflation to 2014-value ZAR). Even when we used the lower bound PI MTS assumption estimate of -

5.46%, the resultant cost-effectiveness estimate was still 1.4 times more costly (Fig. 3). Therefore, 

without having to use strong assumptions, like those used to make the point estimates, we could make a 

policy-relevant estimate.  

 

Opportunities for using partial identification in conservation science 

We demonstrated how PI, used alone or in combination with conventional point-estimate approaches, 

offers six distinct opportunities for improving the transparency and credibility of non-experimental 

conservation impact evaluations. First, it encourages researchers to focus on the most important aspects of 

non-experimental impact evaluations: the understanding of why some units are exposed to an intervention 

and how selection bias can be accounted for. Research in conservation science would benefit from 

focusing less on statistical modeling methods (e.g., maximizing the precision of estimates) and giving 

more attention to designs that reduce bias (Armsworth et al. 2009). Second, PI can be used to assess the 

plausibility of conventional point-estimate approaches and to detect estimates that fall outside the partial 

identification bounds established with no assumptions. For instance, both the modeling assumption 

https://www.researchgate.net/publication/41529918_Contrasting_Approaches_to_Statistical_Regression_in_Ecology_and_Economics?el=1_x_8&enrichId=rgreq-b9a5d7a1-2d51-4464-9201-703617eb7070&enrichSource=Y292ZXJQYWdlOzI4MTE0NTU0NjtBUzoyODE1NjE4MzM0NTk3MTVAMTQ0NDE0MDk4MDQ4MQ==
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estimates fell far outside possible bounds. Third, proper use of PI could help reduce the problem of 

advocacy in science, in which researchers are tempted to select assumptions that fit the conclusions they 

want (Manski 2011). Presentation to policy makers with a menu of assumptions and attached conclusions 

(Fig. 1) empowers  researchers to better act as honest brokers, although there is always the risk that 

decision makers will push actions they already find more attractive (Weiss 1982). Fourth, when 

conservation impacts are contentious, it might be more amenable for discussions on resource management 

options to have stakeholders recognize and agree on bounded estimates than on single number point 

estimates (e.g., Manski & Nagin 1998). Fifth, because partial identification requires only basic arithmetic 

skills and knowledge of the intervention context, it could be a valuable tool for researchers and managers 

who do not have the capacity to use more technically intensive statistical methods such as matching 

methods. The possibility of incorporating existing knowledge into deciding which assumptions to make 

about the counterfactual opens doors for transparent and rich interactions among conservation researchers 

and practitioners.  

The design of more effective conservation policies and interventions demands that communities of 

researchers and practitioners efficiently formalize lessons learned from the past. The definition and 

framing of what constitutes conservation success is an ongoing process that would benefit from more 

timely discussions facilitated by approaches such as PI.   
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Supporting information 

Covariate balance statistics (Appendix S1) are available online. The authors are solely responsible for the 

content and functionality of these materials. Queries (other than absence of the material) should be 

directed to the corresponding author. 
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Table 1. Percentage (SD) of study area cell (20x20m) units occupied by invasive trees in treated and 

untreated units in 1987 and 2010, before and after the implementation of Working for Water in 2000 

respectively
a
   

Year  Untreated (%)  Treated
a
  Total 

Before-1987 8.75 (28.25) 8.19 (27.42) 8.57 (28.00) 

After-2010 8.33 (27.64) 2.87 (16.70) 6.63 (24.88) 

Total  8.54 (27.95) 5.53 (22.06) 7.6 (26.44) 

     

a
Treatment management areas represented 31.9% of the total study area which covers 1 451 sq. km. 
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Table 2. Summary of approaches used to estimate the impact of the Working for Water project on the reduction of invasive trees.
a
  

Approach 

 
Assumptionb Assumption 

illustrated  

(Fig. 1)c 

Identification region 

(estimate bounds) 

 

Advantages Disadvantages 

1. No assumptions  100 ≤ (Y0
2010 | D =1) ≤ 0 100 ≤ panel 1b ≤ 0 [-97.13, 2.87] 

 

only use data, 

very robust  

wide range 

2. Monotone 

treatment selection 

(- or + selection 

bias) 

(Y0
2010 | D=1) ≤ or ≥  

(Y0
2010 | D=0) 

panel 1b ≤ or ≥  

panel 2b 

[-5.46, 2.87]d or  

[-97.13, -5.46] 

credible 

assumptions 

range can be wide and 

includes 

positive or negative ATT 

3. Monotone 

treatment response  

ATT ≥ or ≤ 0 panel 1b ≥ panel 1c  [-97.13, 0]d or 

[0, 2.87]  

 

credible 

assumptions 

range can be wide 

4. Model 

counterfactual 

spread  

(Y0
2010 | D=1) = 

(Y0
1987 | D=1) x 3.75% or 

20.6% annual spread   

panel 1b = panel 1a 

x assumed spread 

rate  

-16.3 or -605.6% precise estimate, 

allows for 

temporal changes 

could overestimate spread 

5. Treated-untreated 

comparison 

(Y0
2010 | D=1) =  

(Y0
2010 | D=0) 

panel 1b = panel 2b -5.46 precise estimate seldom plausible 

6. Before-after 

treatment 

comparison 

(Y0
2010 | D=1) = 

(Y0
1987 | D=1)  

panel 1b = panel 1a -5.32 precise estimate no possible temporal 

changes 

7. Before-after 

control intervention 

[(Y0
2010 – Y1987) | D=1] = 

[(Y0
2010 – Y1987) | D=0]  

(panel 1b - panel 

1a) – (panel 2b - 

panel 2a) 

-4.9%  can control for 

some time-

invariant 

confounders 

cannot adjust for time-

variant confounders 

8. Conditioning 

approach  

(Y0
2010 | D=1, X) =  

(Y0
2010 | D=0, X)    

panel 1b = panel 2b 

if confounders 

balanced (e.g. 1a = 

2a).  

-2.8% can control for 

observable 

confounders 

cannot control for all 

unobservable confounders 

aThe first three rows use bounded estimates and are therefore called partial identification approaches. The remaining rows present conventional point-estimate approaches that depend on stronger but less 

credible assumptions.  

bY0 and Y1 is the potential outcome if treated or not, respectively. D=1 or 0 if actually treated or not, respectively, ATT is the average treatment effect on units that were actually treated, and X represents 

a set of confounders.  

cThe (a) and (b) refer to parts of Fig. 1 

dIdentification region we think is most plausible based on approaches 2 and 3.    
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Figure captions     

  

Fig. 1 Hypothetical example of the problem of measuring conservation impacts: before (a) and after (b) 

and (c) invasive trees are removed (treated). In panel 1, the invasive tree is removed from the study units 

and in panel 2 the invasive trees are not. Each panel shows 2 potential outcomes: Y
0
, not treated (i.e., 

invasive trees not removed) and Y
1
, invasive tree removed. The smaller younger trees in panels 1 and 2 

(b) spread from the larger older trees in 1987 (bottom graphs in [a] and [b]).    

Fig. 2 Invasive tree presence marked (dark grey) in 1987 and 2010 in the study area within South Africa’s 

Western Cape Province (inset). Working for Water management areas are marked by large light grey 

polygons in the main maps and dark grey in the inset .   

Fig. 3 Approaches ordered by the strength of their assumptions used to estimate the impact of efforts by 

Working for Water to reduce invasive tree presence. Cost-effectiveness of these actions is in parentheses 

(ZAR per reduced hectare of invasive trees, 10 ZAR = 1 US$, all costs adjusted to 2014 ZAR).   
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