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Abstract

This paper was created for the summative assignment of the course: MY457 Causal Inference

for Experimental and Observational Studies (2024-2025 Winter Term). This paper is a

replication and reappraisal of the following paper:

Tellez, J. F., (2022) ‘Land, opportunism, and displacement in civil wars: Evi-

dence from Colombia’. American Political Science Review, 116(2), pp.403-418.

Replication code and data can be accessed at:

https://github.com/kevinli03/kevinli03.github.io/tree/main/papers/gv482
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1 Introduction

In this paper, I reappraise Tellez (2022)’s paper on displacement in civil wars in Colombia.

First, I introduce the research design that the author employs, and the assumptions needed

for causal identification. Then, I reproduce the main results of the paper.

After reproducing the paper, I critically evaluate the research design of Tellez (2022). First, I

test and discuss issues regarding the identification assumptions and research design. Then, I

discuss the limitations of the two-way fixed effects estimator, and test if the results of the pa-

per are robust under modern difference-in-differences estimators and different specifications

of the outcome variable.

2 Empirical Strategy

Tellez (2022) explores how displacement of civilians occurs during civil wars. More specif-

ically, Tellez focuses on how the opportunity for local actors to expand profitable African

Palm-oil plantations results in displacement of local civilians in war-torn areas of Colom-

bia.

The main analysis of the paper is at the municipal level. Tellez compiles a panel dataset of

different municipalities in Colombia over a time period of 1993-2005. His main treatment

variable is if a municipality has at least 1 African Palm-oil plantation in a specific year, and

his outcome variable is the civilian displacement rate per 1000 in a municipality in a specific

year. The outcome variable has an inverse-sine transformation applied to it.

During this period, African Palm-oil is rapidly expanding in Colombia, so many, but not all

municipalities receive their first African Palm-oil plantation during this time period. This

variation across municipalities in adopting the treatment, and the variation in timing of the

adoption of treatment, allows Tellez to conduct a difference-in-differences design, exploiting

variation over the two dimensions of municipalities and time.

A difference-in-differences design has 3 identification assumptions, which I will introduce

now, and evaluate later. The first assumption is parallel trends: if a treated unit had
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hypothetically not been treated, they would have followed the same trend in the outcome

variable as the untreated units. In the context of this study, parallel trends asserts that if a

municipality that had a palm-oil plantation hypothetically did not have a palm-oil plantation,

the trend in displacement rate of civilians would be the same as the municipalities who did

not have a palm-oil plantation.

Tellez (2022) believes “time-varying behaviour of guerrilla groups” and “changes in the drug

trade” might result in a violation of the parallel trends assumption. Thus, the author asserts

that parallel trends is conditional on two covariates: the presence of coca production, and

the amount of left-wing guerrilla attacks in a municipality in a specific year.

The second identification assumption is no anticipation: in the pre-treatment period(s), the

observed outcome is equal to the potential outcome under control. In the context of this

paper, no anticipation means that the displacement rate of a country in a pre-treatment year

is not affected by the anticipation of palm-oil plantations in the future, before the palm-oil

plantations have been established in that municipality. Tellez does not justify that he meets

this assumption in his paper.

The final assumption for difference-in-differences is the stable unit treatment value assump-

tion (SUTVA): that one unit’s treatment status does not affect the potential outcomes of

another unit. In the context of this paper, one municipality getting (or not getting) a palm-

oil plantation does not affect the displacement rate of other municipalities. SUTVA also

states that treatments are consistent/identical across observations. Tellez does not justify

meeting this assumption.

Under these three identification assumptions, the average treatment effect on the treated is

identified. I will further explore and evaluate these identification assumptions later.

3 Replication

To estimate the causal effects, Tellez (2022) employs the two-way fixed effects estimator.

Under the assumption of parallel trends, fixed effects for municipalities (unit) and years

(time) should make treatment exogenous, allowing for the estimation of treatment effects. I
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will further discuss this choice of estimator later.

The author conducts 4 different two-way fixed effects models in his analysis. His first model

contains relevant covariates to meet conditional parallel trends:

𝑌𝑖𝑡 = 𝛼𝑖 + 𝛾𝑡 + 𝐷𝑖𝑡𝜏 + 𝑋𝑋𝑋⊤
𝑖𝑡𝛽𝛽𝛽 + 𝜀𝑖𝑡

Where 𝑌𝑖𝑡 is the displacement rate in a municipality (with inverse-sine transformation) in

municipality 𝑖 in year 𝑡, 𝛼𝑖 and 𝛾𝑡 are municipality and year fixed effects, 𝐷𝑖𝑡 is a binary

indicator that indicates the presence of a palm-oil plantation, and X𝑖𝑡 is a vector of covariates

to condition for parallel trends.1

Tellez’s second, third, and fourth models involves an interaction with the treatment variable

to explore heterogeneous effects:2

𝑌𝑖𝑡 = 𝛼𝑖 + 𝛾𝑡 + 𝐷𝑖𝑡𝜏 + 𝐷𝑖𝑡𝐺𝑖𝑡𝜃 + 𝑋𝑋𝑋⊤
𝑖𝑡𝛽𝛽𝛽 + 𝜀𝑖𝑡

• In the second model, 𝐺𝑖𝑡 is the amount of palm planted each year (logged) to explore

heterogeneity based on intensity of palm-oil production.

• In the third model, 𝐺𝑖𝑡 is an indicator for the presence of the AUC, an allied paramil-

itary group to many local landlords and actors.

• In the fourth model, 𝐺𝑖𝑡 is an indicator for the presence of FARC, a left-wing paramil-

itary group that generally opposes landowners and is less likely to collaborate with

local elites.3

The reproduced results of all four models are provided in table 1. For replication, I chose

to use the more modern and faster fixest package, rather than the older felm package. The

replication results are identical to those presented in the paper.

1The covariates included are the presence of coca production, and the amount of left-wing guerrilla attacks
in a municipality in a specific year, as mentioned in the research design.

2The variable interacted with treatment is not included separately in the regression.
3Model 4 is actually mis-specified (at least based on how the author’s define it). Model 4* adjusts this
error.
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Table 1: Estimates obtained with TWFE estimator. Standard errors clustered by municipal-
ity (unit)

(1) (2) (3) (4) (4*)
Palm Oil Plantation 0.382∗∗ −2.056∗∗ −1.213∗∗∗ 0.692 0.713

(0.121) (0.642) (0.023) (0.548) (0.558)
Plantation x Production (log) 0.248∗∗∗

(0.063)
Plantation x AUC presence 1.614∗∗∗

(0.120)
Plantation x FARC presence −0.327 −0.357

(0.559) (0.570)
Num. obs. 14192 14192 14192 14208 14192
∗∗∗𝑝 < 0.001; ∗∗𝑝 < 0.01; ∗𝑝 < 0.05

There is one slight concern with model 4 in the original paper: the author fails to include

one of the covariates, FARC-attacks, which was included in all the other models.4 This

choice of omission was likely intentional, as this control is very similar to the dummy FARC

presence interaction variable. However, the paper does not explain or acknowledge dropping

this control variable for model 4. For completeness, I have included an additional model 4*,

which includes this control variable.5

Tellez (2022) also runs an estimation of dynamic treatment effects using the Sun and Abra-

ham (2021) estimator. For unclear reasons, Tellez only includes these results in the appendix,

but because dynamic treatment effects are useful for both visualising treatment effects over

time, as well as assessing the parallel trends assumption, I have (successfully) replicated the

results in figure 1.

Tellez (2022) later runs an analysis on how the treatment, palm oil plantations, correlates

with modern claims of “land restitution”. However, this analysis is not causal - Tellez himself

states “these results cannot be interpreted causally” (Tellez 2022, p. 411). Tellez also runs

an household analysis, which he comments that “the causal interpretation of these estimates

is limited”. Thus, I do not consider this analysis to be a core part of the paper’s causal

analysis. I provide the replication in the appendix.

4I noticed this discrepancy through the number of observations in each regression model. Note how model
4 has more observations than the other models - this shouldn’t be the case, especially considering model
4 in theory should have the same variables as model 1 + additional variables.

5Including FARC-attacks as a control variable may not make much sense, since the goal of the interaction
between plantation and FARC presence is to see how the presence of FARC alters the treatment. We are
not really interested in holding FARC-attacks constant in this analysis.
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Figure 1: Interaction−Weighted (Sun and Abraham 2021) Estimates

4 Evaluation of Assumptions

4.1 Parallel Trends Assumption

The parallel trends assumption states if a treated unit had hypothetically not been treated,

they would have followed the same trend in the outcome variable as the untreated units.

In the context of this study, if a municipality that had a palm-oil plantation hypothetically

did not have a palm-oil plantation, the trend in displacement rate of civilians would be the

same as the municipalities who did not have a palm-oil plantation. Tellez (2022) asserts that

parallel trends in this study is conditional on two covariates: the presence of coca production,

and the amount of left-wing guerrilla attacks in a municipality in a specific year.6

A conventional way to test the parallel trends assumption is with a leads-and-lags test. From

the reproduced interaction-weighted (Sun and Abraham 2021) dynamic treatment effects in

figure 1 above, we can see that there are no statistically significant estimates (at p<0.05)

in the pre-treatment period. Thus, this test provides insufficient evidence of a violation of

parallel trends.

6As mentioned above in research design, coca production is a covariate meant to control for “changes in
the drug trade”, which implies that coca production (and druge trade) has some effect on the outcome
of displacement. However, in the literature review (p. 406), Tellez argues that “illegal crops” like coca
that are grown on “small plots” tend to rarely effect displacement. This seems like a contradiction.
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However, significance testing individual pre-treatment coefficients is not a sufficient approach

to test for violations of parallel trends. We also have to consider the substantive size of the

estimated deviations in the pre-treatment periods, as well as consider the joint significance

of pre-treatment estimates (Liu et al, 2024).

Figure 2 contains two of these pre-trend tests using the fixed effects counterfactual (FEct)

estimator proposed by Liu, Xu, andWang (2024).7 Imputation estimators like FEct generally

have greater power in testing pre-trend deviations (Chiu et al 2025). FEct also allows the

easy implementation of a joint-significance test (F-test) and a equivalence test (TOST) for

substantive significance.

F test p−value: 0.069
Equivalence test p−value: 0.764
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Figure 2: Testing for Parallel Trends (FEct: Liu, Xu and Wang 2024)

The joint significance F-test of the pre-treatment coefficients checks if there is a significant

pre-treatment differential trend: statistical significance indicates there is a differential trend.

For this study, the p-value is insignificant for the last 5 pre-treatment years, thus we do not

find evidence of violating the parallel trends assumption with this test.

The equivalence test (TOST) for substantive size of estimated deviations checks if the confi-

dence intervals of estimates in the pre-treatment trend exceed an “equivalence” range around

7I chose to use FEct instead of IFEct because IFEct’s inclusion of time-varying latent factors makes it more
robust to parallel trends. However, the goal if this test is to see if parallel trends holds for most other
estimators that rely on parallel trends without a latent factor.
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0. The equivalence range is defined as 0.36 times the standard deviation of the outcome

variable, after partialling out unit and time fixed effects. A significant result means the

pre-treatment estimates are within the equivalence range. For this study, the p-value is

insignificant, indicating evidence for a potential violation in parallel trends.

Notably, it seems as the estimate in pre-treatment period -5 is abnormally high, while the

others seem to be closer to 0. Since the pre-treatment period -5 is still 5 years before

treatment, it may not be entirely relevant to the parallel trends between pre-treatment and

post-treatment.8 Figure 3 re-runs the tests, this time only for 4 pre-treatment periods. The

p-value for the F-test is higher, which is a good sign for meeting parallel trends. However,

the study still fails the equivalence test.

F test p−value: 0.683
Equivalence test p−value: 0.145
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Figure 3: Parallel Trends of 4 Pre−treatment Periods (FEct: Liu, Xu and Wang 2024)

A notable choice the authors make is that they transform the outcome variable, rate of

civilian displacement, with an inverse-sine transformation. Their theoretical justification for

including an inverse-sine transformation is that it can make the outcome more normally dis-

tributed and reduce outliers. However, transformations affect the parallel trends assumption.

Figure 4 contains the same parallel trends tests on a non-transformed outcome variable.

8The parallel trends assumption requires that the potential outcomes are “parallel” in trend between treat-
ment and control from the pre-treatment period to the post-treatment period. The 5th year before
treatment is likely not important to parallel trends if the final 4 pre-treatment periods are parallel.
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F test p−value: 0.902
Equivalence test p−value: 0.001
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Figure 4: Parallel Trends with No Transformation (FEct: Liu, Xu and Wang 2024)

Interestingly, the non-transformed outcome variable passes both tests for the parallel trends

assumption in 4 pre-treatment years. If parallel trends is met on the non-transformed out-

come, that implies that parallel trends cannot be met on the inverse-sine transformed out-

come (and vice versa).

This may suggest that Tellez would have been better off dealing with a non-transformed

outcome variable. However, we also have to be careful about conditioning our analysis

based off of if we pass the parallel trends test, as this can bias our ATT estimates (Roth,

2020). Another concern is that without the inverse-sine transformation, outliers are more

influential, which increases the standard deviation of the outcome variable, thus increasing

the range of equivalence in our test.9

It is important to note that pre-trend tests for parallel trends are not entirely reliable. Pre-

trend tests tend to have less power than our main treatment effect estimates (Roth, 2020).

Furthermore, the parallel trend that is essential to difference-in-differences is that of the po-

tential outcome under control for the last pre-treatment and into the post-treatment periods.

Since this involves unobserved counterfactuals for the treated units, the pre-trend test does

not directly test if the relevant parallel trends needed for identification is met.
9The equivalence range is defined as 0.36 times the standard deviation of the outcome variable, after
partialling out unit and time fixed effects. Outliers will increase the standard deviation of the outcome
variable.
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4.2 No Anticipation and SUTVA

The no anticipation assumption states that in the pre-treatment period(s), the observed

outcome is equal to the potential outcome under control. Or in the context of this paper, it

means that the displacement rate of a country in a pre-treatment year is not affected by the

anticipation of palm-oil plantations in the future, before the palm-oil plantations have been

established in that municipality.

Tellez (2022) does not justify that he meets this assumption in his paper. I believe there

are theoretical reasons to believe that this assumption is not met. It seems plausible that it

takes time to set up the necessary infrastructure and equipment to begin running a palm-oil

plantation. That could imply that the land acquisition took place a decent period of time

before the actual palm-oil plantation began operation.

Recall that the causal theory of Tellez (2022) is regarding how land acquisition for palm-oil

plantations drives displacement. If land acquisition occurs in the previous year before a

palm-oil plantation began operation, it is plausible that the “true” treatment occurred in

the year prior to the “recorded” treatment in the study. This would mean that the first

pre-treatment period’s observed outcomes for treated units would not be their potential

outcome under control, but rather the potential outcome under treatment, violating the

no anticipation assumption. This could explain the noticable “jump” in difference between

treated and untreated in pre-period -5, in both figures 1 and 2.

If anticipation is systematic, i.e. every treated municipality has the same length of pre-

treatment anticipation, we could correct for it by changing the treatment variable to align

with the anticipation period. However, adjusting for anticipation becomes more difficult if it

varies between different municipalities. As I do not have enough theoretical expertise on the

subject of palm-oil plantations in Colombia, it is hard for me to select a specific anticipation

structure in which to adjust for.

There is also a completely opposite concern - that the opportunistic elites did not initiate land

dispalcement until after palm-oil plantations were first established and proven to be profitable

in a municipality. While I have no strong theoretical backing of this, the dynamic treatment

effects from figure 1 (Sun and Abraham) seem to suggest the statistically significant causal
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results occurred in the 4th post-treatment period and onward. This could be considered more

of a measurement problem - the choice of using the presence of the first palm-oil plantation

as the treatment may not be properly approximating when local elites began to initiate

forced displacement.

The stable unit treatment value assumption (SUTVA) states that one unit’s treatment status

does not affect the potential outcomes of another unit. Or in the context of this paper, one

municipality getting (or not getting) a palm-oil plantation does not affect the displacement

rate of other municipalities. SUTVA also states that treatments are consistent/identical

across observations.

Tellez (2022) does not justify meeting this assumption. I believe there are theoretical reasons

to believe this assumption is not met. For example, take neighboring municipalities. If one

municipality starts to build land-intensive palm-oil plantations, according to the theoretical

causal mechanism, that will cause forced displacement of citizens in that first municipality.

Neighboring municipalities will see that municipality have large displacement of civilians. It

is plausible that some civilians in the nearby municipalities will also fear for their safety, and

flee. It is also plausible that the coercive tactics used by local elites and allied armed groups

to acquire land in one municipality would have effects on neighboring citizens.

If this theoretical story is true, that creates issues with our potential outcomes framework. In

the normal framework, the potential outcomes 𝑌𝑖𝑡(𝑑) only depend on unit 𝑖’s own treatment

status 𝑑. However, if the story above is plausible, the potential outcomes of unit 𝑖 will now
depend on not just unit 𝑖’s treatment status, but also unit 𝑗’s treatment status. This means

our individual causal effect will no longer be 𝜏 = 𝑌𝑖𝑡(1) − 𝑌𝑖𝑡(0), which will invalidate the

identification proof behind difference-in-differences.

Furthermore, it is unlikely that the treatment of palm-oil plantations is stable/consistent/identical

across units. After all, a series of massive palm-oil plantations in a municipality is very

different than just one smaller palm-oil plantation. Tellez tries to address this in model

(2) by interacting palm-oil production levels with treatment. However, Tellez only uses

national aggregate palm-oil production data, which fails to capture the differences between

municipalities, so this interaction is insufficient to deal with this issue.
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5 Evaluation of Estimation

Tellez (2022) primarily relies on the two-way fixed effects estimator for the main results of the

paper. However, in staggered treatment settings with heterogeneous treatment effects, two-

way fixed effects no longer is an unbiased estimator of the ATT (Goodman-Bacon 2021). This

is because the two-way fixed effects makes incorrect comparisons involving already-treated

units, and assigns weights in a manner where some comparisons have negative weights.

The difference-in-differences revolution post 2021 has introduced several new unbiased es-

timators of the ATT. Tellez (2022) only uses the Sun and Abraham (2021) estimator, and

only includes it in the appendix as a check for parallel trends. I will implement several of

these modern difference-in-differences estimators, and compare their overall ATT estimates

with the results of model (1) from Tellez (2022). The results are shown in figure 5.10
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Figure 5: ATT for Model (1) using Modern Estimators

10The ATT is in terms of the inverse-sine transformed outcome variable. For csdid, the doubly-robust
estimator is used. For PanelMatch, units are matched on treatment/outcome history for 3 lag periods,
and matches are weighted by mahalanobis distance for covariates. Covariates are included for all except
DIDmultiple.
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Interestingly, it seems the imputation/counterfactual based estimators (did2s, IFEct,

ETWFE) produce significant results, while the matching and reweighting estimators (csdid,

IW, DIDmultiple, PanelMatch) produce insignificant effects. The consequence of these

results is hard to evaluate, as some estimators find significant effects, while others do

not. Imputation/counterfactual estimators are generally more vulnerable to poor model

specification - but if the models are specified correctly, they tend to perform better (Chiu

et al 2025, Roth et al, 2022). Matching and reweighting methods are more robust to model

mispecification, but rely more on the assumptions of Difference-in-differences. It is hard

to say which case this study lies in - thus, these new results do not provide conclusive

robustness or rejection of the result Tellez (2022) obtains.

As noted in the section on evaluating identification assumptions, it seems that the parallel

trends assumption is violated with the inverse-sine transformed outcome. This also puts

into question if the above results are valid (although some of the above estimators, such as

IFEct, can be somewhat robust to minor violations in parallel trends). Thus, in figure 6, I

also implement the same estimators, but with the non-transformed outcome variable.
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Figure 6: ATT with Non−Transformed Outcome using Modern Estimators
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More of the estimators find a significant causal effect when the outcome variable is not

transformed. However, there are two reasons we should be cautious about these results.

First, conditioning our analysis based off of if we pass the parallel trends test can bias our

ATT estimates (Roth, 2020). Second, without the inverse-sine transformations, outliers are

more influential, which may impact our results.

Overall, there is not enough evidence to conclusively support or reject the findings of Tellez

(2022). Most new estimators provide similar point estimates to that of the two-way fixed

effects estimator. However, in both the transformed and non-transformed outcome models,

there are multiple estimators that do not find a significant causal result.

Tellez also runs other models with interactions. One way to test the robustness of these

models under modern estimators is to use the 2-stage difference-in-differences estimator

(did2s) proposed by Gardner (2021). Gardner does not explicitly state that interactions

for heterogeneity are accommodated in the estimator, but we can show it is possible. The

estimator first models the potential outcome 𝑌𝑖𝑡(0) by estimating the following regression

with only untreated 𝐷𝑖𝑡 = 0 units:

𝑌𝑖𝑡(0) = 𝛼𝑖 + 𝛾𝑡 + 𝑋𝑋𝑋⊤
𝑖𝑡𝛽𝛽𝛽 + 𝜀𝑖𝑡 estimate with only units 𝐷𝑖𝑡 = 0

Then, using the estimates of ̂𝛼𝑖, ̂𝛾𝑡, and ̂𝛽𝛽𝛽, we can estimate 𝑌𝑖𝑡(0) for all units:

𝑌𝑖𝑡(0) = ̂𝛼𝑖 + ̂𝛾𝑡 + 𝑋𝑋𝑋⊤
𝑖𝑡�̂�

Then, for all units, we can calculate the difference/residual, defined as Δ𝑖𝑡 = 𝑌𝑖𝑡 − 𝑌𝑖𝑡(0).
For treated units 𝐷𝑖𝑡 = 1, Δ𝑖𝑡 ≈ 𝜏𝑖𝑡. For untreated units 𝐷𝑖𝑡 = 0, Δ𝑖𝑡 ≈ 0. Gardner’s 2nd

stage is given by the following regression, where 𝛿 ≈ 0.11

Δ𝑖𝑡 = 𝛿 + 𝐷𝑖𝑡𝜃 + 𝜖𝑖𝑡

11𝛿 ≈ 0 because by the conditional expectation definition of regression, we can see 𝔼[Δ𝑖𝑡|𝐷𝑖𝑡 = 0] = 𝛿, and
𝔼[Δ𝑖𝑡|𝐷𝑖𝑡 = 0] = 𝔼[𝜏𝑖𝑡|𝐷𝑖𝑡 = 0] from above, thus 𝛿 = 0.

14
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̂𝜃 = ̂𝜏ATE once estimated with OLS.12 To estimate heterogenous treatment effects, we can

include interactions in the final stage, obtaining the following regression model:

Δ𝑖𝑡 = 𝛿 + 𝐷𝑖𝑡𝜃 + 𝐷𝑖𝑡𝐺𝑖𝑡𝜙 + 𝜖𝑖𝑡

Assume 𝐺𝑖𝑡 is a binary variable for simplicity. We can then use the conditional expectation

definition of regression. Since 𝛿 ≈ 0, and for treated units Δ = 𝜏 , we can deduce:

𝔼[Δ𝑖𝑡|𝐷𝑖𝑡 = 1, 𝐺𝑖𝑡 = 0] = 𝜃 ≈ 𝔼[𝜏𝑖𝑡|𝐷𝑖𝑡 = 1, 𝐺𝑖𝑡 = 0]

𝔼[Δ𝑖𝑡|𝐷𝑖𝑡 = 1, 𝐺𝑖𝑡 = 1] = 𝜃 + 𝜙 ≈ 𝔼[𝜏𝑖𝑡|𝐷𝑖𝑡 = 1, 𝐺𝑖𝑡 = 1]

Thus, Gardner’s did2s can be used to uncover heterogeneous treatment effects with interac-

tions, assuming 𝑌𝑖𝑡(0) is consistently estimated.13 This allows us to check if the heterogeneity

Tellez (2022) explores with interactions holds when adjusting for the limitations in two-way

fixed effects. The results are shown in table 2.

Table 2: Estimates with Gardner (2021) and Inverse-sine Outcome

(2) (3) (4) (4*)
Palm Oil Plantation 0.767 −1.208∗∗∗ 0.959∗ 0.986∗

(2.496) (0.024) (0.412) (0.419)
Plantation x Production (log) −0.032

(0.250)
Plantation x AUC presence 1.670∗∗∗

(0.124)
Plantation x FARC presence −0.543 −0.575

(0.428) (0.436)
∗∗∗𝑝 < 0.001; ∗∗𝑝 < 0.01; ∗𝑝 < 0.05

The Gardner (2021) estimates for models 3, 4, and 4* are relatively similar in magnitude

to the original two-way fixed effects estimates. The notable difference is in model 4 and 4*,

where the effect of a palm-oil plantation in municipalities without a FARC presence is now
12The proof for this is provided by Gardner (2022).
13The proof for this is provided by Gardner (2022).
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