NBER WORKING PAPER SERIES

ESTIMATING THE SPATIAL AMPLIFICATION OF DAMAGE CAUSED BY DEGRADATION
IN THE AMAZON

Rafael Araujo
Juliano Assuncao
Marina Hirota
José A. Scheinkman

Working Paper 31550
http://www.nber.org/papers/w31550

NATIONAL BUREAU OF ECONOMIC RESEARCH
1050 Massachusetts Avenue
Cambridge, MA 02138
August 2023

MH thanks Serrapilheira Institute (grant number Serra-1709-18983). RA and JA thank Ilan
Gleiser and Evan Bollig from AWS for comments on an earlier version of this project. The views
expressed herein are those of the authors and do not necessarily reflect the views of the National
Bureau of Economic Research.

NBER working papers are circulated for discussion and comment purposes. They have not been
peer-reviewed or been subject to the review by the NBER Board of Directors that accompanies
official NBER publications.

© 2023 by Rafael Araujo, Juliano Assuncdo, Marina Hirota, and José A. Scheinkman. All rights
reserved. Short sections of text, not to exceed two paragraphs, may be quoted without explicit
permission provided that full credit, including © notice, is given to the source.



Estimating the Spatial Amplification of Damage Caused by Degradation in the Amazon
Rafael Araujo, Juliano Assuncdo, Marina Hirota, and José A. Scheinkman

NBER Working Paper No. 31550

August 2023

JEL No. C23,Q54,Q57

ABSTRACT

The Amazon rainforests have been undergoing unprecedented levels of human-induced
disturbances. In addition to local impacts, such changes are likely to cascade following the
eastern-western atmospheric flow generated by trade winds. We propose a model of spatial and
temporal interactions created by this flow to estimate the spread of local disturbances to
downwind locations along atmospheric trajectories. The spatial component captures cascading
effects propagated by neighboring regions while the temporal component captures persistence.
All these network effects can be described by a single matrix, acting as a spatial multiplier that
amplifies local disturbances. This matrix can be used to easily map where the damage of an initial
forest disturbance is amplified and propagated to. We identify regions that are likely to cause the
largest impact throughout the basin, and those that are the most vulnerable to shocks caused by
remote deforestation. On average, the presence of cascading effects mediated by winds doubles
the impact of an initial damage. However, there is heterogeneity in this impact. While damage in
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1 Introduction

The Amazon rainforests' play a crucial role in global climate regulation due to its significant
carbon storage capacity (Baccini et al., 2012; Mitchard, 2018). Releasing the carbon stored
in this vast ecosystem would jeopardize our ability to limit global warming to 1.5°C (Arm-
strong McKay et al., 2022). There are concerns regarding the forest’s resilience (Boulton et
al., 2022), with certain areas transitioning from a carbon sink to a carbon source (Gatti et al.,
2021). There are also studies pointing to a potential tipping point, when extensive portions
of the forest undergo a shift towards low-density vegetation (Shukla et al., 1990; Wunderling
et al., 2022).

Monitoring the local to basin-wide extension of deforestation and degradation impacts is
essential to measure the extent to which local tree mortality caused by disturbances, such
as extreme drought events or deforestation, can affect other regions and potentially trigger
cascading impacts and further degradation. Existing literature on this question has pursued
two main avenues of research. Omne approach employs large-scale calibrated models that
connect forest dynamics and climate to construct forward-looking scenarios of forest resilience
(Shukla et al., 1990; Nobre et al., 1991; Cox et al., 2004; Sampaio et al., 2007; Malhi et al.,
2009; Hirota et al., 2011; Boisier et al., 2015; Zemp et al., 2017; Wunderling et al., 2022; Staal
et al., 2023). Another strand of research focuses on measuring resilience indicators, such as
changes in remotely sensed vegetation status (e.g., VOD and NDVI) (Verbesselt et al., 2016;
Boulton et al., 2022), net carbon emissions (Phillips et al., 2009; Doughty et al., 2015; Gatti
et al., 2021; Qin et al., 2021), and rainfall regimes (Salati et al., 1979; Panisset et al., 2018;
Staal et al., 2018; Ciemer et al., 2019; Smith et al., 2023).

Although these approaches have provided invaluable knowledge on the dynamics of the forest,
complementary insights can be gained through the application of reduced-form econometric
methods as in (Diebold and Rudebusch, 2022; Diebold et al., 2022), which are earlier exam-
ples of the use of econometric methods in climate science. By abstracting from the intricate
underlying mechanisms, these methods allow us to use a data-driven approach to estimate
causal effects. In particular, we can make explicit the hypothesis that is necessary for statis-
tical identification, that is, the necessary hypothesis to claim that we estimate causal effects
rather than merely a correlation. Additionally, a reduced-form representation of forest dy-
namics allows for the establishment of linear relationships, enhancing the interpretation of
the estimates, simplifying computations and statistical inference (see e.g. Wooldridge (2010);
Arellano (2003)).

"We write the plural to emphasize the heterogeneity of the forest



Based on such econometric methods, we propose a model of the interactions across time and
space that estimates local to basin-wide forest degradation within the Amazon rainforests. We
use the model to assess how the Leaf Area Index (LAI) at a location is influenced by its own
past LAI values (locally) and by LAI values of upwind locations (remotely) as determined
by atmospheric trajectories. The spatial component of the model captures the cascading
effects propagated by local disturbances to their neighbors while the temporal component
captures the persistence of local disturbances. Of particular interest is the fact that all these
feedback effects can be described by a single matrix, which acts as a spatial multiplier that
amplifies disturbances occurring locally. By leveraging this matrix, we can identify locations
that promote the largest basin-wide impacts as well the most vulnerable spots to remote

disturbances.

2 Model

Trees play a crucial role in the water cycle by absorbing water from the soil through the roots
and releasing it back to the atmosphere through transpiration (Salati et al., 1979). This tran-
spired water contributes to the moisture content in the air and is transported by atmospheric
circulation contributing to downwind rainfall (Spracklen et al., 2012). Deforestation and
other disturbances reduce overall transpiration, leading to a decrease in atmospheric mois-
ture and rainfall levels for downwind regions. Less rainfall contributes to increasing forest
degradation and subsequent C'O, emissions (Qin et al., 2021) (see Figure 1). In our statisti-
cal model, we abstract from the transpiration mechanism to estimate how forest status of a
region is affected by its past status, the entire configuration of forest status, and atmospheric

circulation (Figure 1).

The model has temporal and spatial dimensions describing the dynamics of the forest. Let
y;x denote the state of forest in pixel 7 and period t. In our application, we measure y;; as
the Leaf Area Index (LAI) (Figure 2A). We represent the state of the entire forest in time ¢

by a vector Y; with entries y;;.

The time dimension follows a first-order auto-regressive process describing how a pixel of
forest at t is affected by its previous state at ¢ — 1. On the spatial dimension, we allow for a
high-order structure to capture the process of atmospheric circulation, through spatial lags.
The spatial lags represent how the state of the forest in pixel ¢ relates to the state of the
forest in pixel j. Let w;;; € {0,1} equals one if pixel j has a direct effect on pixel i via
atmospheric circulation in period ¢. We make two identifying assumptions: that w;; = 0

and that atmospheric circulation is unidirectional (w;;;.wj;; = 0).



Figure 1: Mechanism and Model.
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Note: This figure illustrates the mechanism behind changes in forest vegetation and degradation. An initial
forest status is perturbed by shocks (deforestation or droughts, for example). The shock will change the for-
est status, changing transpiration and thus atmospheric moisture. Atmospheric moisture is transported by
atmospheric trajectories affecting the amount of rainfall in downwind regions. The change in downwind rain-
fall affects degradation processes that determine a new forest status. The statistical model abstracts from the
transpiration mechanism and uses variations in atmospheric trajectory to estimate the dynamics of the forests.

We denote by W, the climate-adjacency matrix with entries (w;;;), that is, it identifies
pixels 7 and j that are direct geographical neighbors and are connected through atmospheric
circulation in period t. The connection is established by back-trajectories built from observed
wind data. We can then define th], the matrix of second-degree neighbors and, analogously,
Wt[k] as the matrix of kth-degree neighbors. Wt[k] identifies pixels ¢ and j that are k-th
degree geographical neighbors and are connected through atmospheric circulation at ¢t. See
Figure S1 in the Appendix for an illustration of the climate-adjacency matrix. While W,
identifies the effects of direct neighbors, th] refers to the neighbors of the direct neighbors

(second-degree neighbors), and so on.?

This notation allows us to specify the evolution of forest status as a spatial dynamic panel:

K
Yi=aYii+ Y BWY + Xy + e (1)

k=1

where K denotes a maximum neighboring degree and X+ is a set of pixel fixed-effects. The
state of pixel i at time ¢ (y;;) depends on its own state at time ¢ — 1 (y;,—1) and on the state
of all pixels that affect ¢ as first-degree neighbors (VVtht), second-degree neighbors (VVt[Q]Yt)

2To simplify formulae in what follows, we set W := W
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and so on. This specification allows for effects that vary with the neighboring degree, i.e., a
neighbor pixel has an effect of $; and the neighbor’s neighbor pixel has an effect 85. This
specification does not nest Wunderling et al. (2022)’s approach, since in their paper the
equivalent matrix Bth[j ]Yt is treated as data. Instead, we parameterize the heterogeneity to

create a more parsimonious model that can be estimated.

Identification. The main advantage of using a formulation like (1) is that it allows for a
clear discussion of identification threats, that is, a discussion of whether potential confounding
variables could potentially invalidate our estimates. If there are components in the error term
e; that are correlated with Wt[k]Y;, then an Ordinary Least Squares estimator for (1) will
render biased estimates for f;. For example, if a road is built on the vicinity of neighboring
pixels 7 and j, causing degradation on both, this effect will be wrongly captured by 3; as being
due to changes in climate caused by the upwind pixel degradation. To diminish concerns of

this type of problem we adopt two procedures.

First, we employ an instrumental variable approach, which is widely used in economics (An-
grist and Krueger, 2001) and political science (Sovey and Green, 2011). In an instrumental
variable approach, we can further restrict the data variation used to identify the parameters
of the model, disentangling the causal relationship from confounding factors. To implement
such estimator we select variables (instruments) that (1) correlate with the explanatory vari-
able and (2) affect the outcome variable solely through its influence on the explanatory

variable.

In particular, we are concerned with confounding determinants of deforestation, as in the
spatial lag term (BkWt[k]Y}) the variable Y; is likely affected by anthropogenic processes. To
deal with this, we isolate the variation in Wt[k]Y; that is the result of only changes in wind.
To build an instrument, we keep constant the forest status at the first period of data (Yp)
so that only the matrices W; vary with time. Under the hypothesis that the wind pattern of
interest is exogenous to local anthropogenic processes,® the term Wt[k]YO will not be correlated
with ¢; but will correlate with Wt[j]Yt, capturing only the variation that is due to short-run
changes in wind direction and velocity. We then use the variation of Wt[j ]Yb as an instrument

for Wt[j ) Y.

Second, we allow for pixel fixed effects, which accounts for time-invariant characteristics,

such as soil properties or proximity to water.

The importance of the assumption of unidirectionality. In our identification, we

3 As we explain further in the data section, the altitude relevant for these processes is close to 3,000 meters
above the forest canopy



make use of a very unique characteristic in our setting - that the matrix Wt[k] does not have
bidirected effects, that is, w;;,.wj;, = 0. If pixel ¢ affects pixel j at time ¢ then pixel j does not
affect pixel ¢ at time t. The absence of this feedback effect allows us to avoid the simultaneity
problem commonly present in Vector Autoregressive (see Stock and Watson (2001) for a
review), Spatial Autoregressive (see Anselin (2010) for a review), and peer effects models
(Manski, 1993). A possible exception to this diagonal argument is of potentially competing

local mechanisms, which we discuss next.

Local effects. With (1) we aim to capture the effect that deforestation and other distur-
bances have on forest status in short and long range scenarios, that is, deforestation and
other disturbances affecting forest status of regions that are hundreds or even thousands of
kilometers away from the original disturbance. But, deforestation may also have local effects
via other mechanisms (Cohn et al., 2019; Leite-Filho et al., 2021; Smith et al., 2023). Our
identification strategy leverages our instrumental variable approach as a possible solution to
this problem. By using Wt[k]YO as an instrument, we isolate only the variation that can be

explained by wind variations.

Counterfactuals. In counterfactual exercises we map the forest’s vegetation dynamics given
a vector of shocks/disturbances (deforestation or a climate shock, for example). To isolate
the effects of the shocks we fix the Wt[k}
Wkl = %Zt Wt[k}, where T" denotes the time-length of the data. For this exercise to be

of interest, we must assume that the process of atmospheric transport is at least mean-

matrix to its sample average, that is, we define

ergodic, that is, the sample average (W) is representative of future patterns of atmospheric
circulation. Finally, to ease the presentation of the next expressions we add a notation
for the inverse matrix of the spatial lags: ) := (I — Zszl ﬁkW[k]>1. The expression of
(2 summarizes in a single matrix all the feedback effects of the spatial dimension. A useful
interpretation is provided by writing €2 as the Neumann series of matrices. For example, with
only one spatial lag we would have that (I — ;W) ™" = I+ B, W + B2W?2 + B3W3 + ... Hence
a shock in a pixel will affect its first-degree neighbors by (1, but its first-degree neighbors
are also first-degree neighbors of other pixels, which affect it by 3? and so on. The matrix

accounts for all of this chain of effects for an arbitrary number of spatial lags (K).

With this notation, we can write the evolution of the state of the forest as a function of a

initial state and shocks. For example, for period ¢ we have:

k=1

K
(I - ZﬁkW[k]> Y=oV 1+ Xv+¢



which we can rewrite as:

Y, = aQlY; 1 + QXv + Qe

We can substitute past values of Y; iteratively for any arbitrary A time window, describing

a general formulation with the following expression:

A A
Yiia = 2108y, | o ZOéiQHlX’V 4 ZaigiHEHAii (2)

i=0 i=0
Notice that this formulation cannot be used for estimation purposes, since we do not observe
the shocks ¢, ...,e..a. But, after estimating the parameters, this expression helps us write
the impulse response function (¢(A)) that returns the effect that a shock in time ¢ has on
the forest status at time ¢t + A. Given our panel data structure, there are many ways to
define the output of the impulse response function. Here we define it as total change in the
forest status over all pixels. Formally, let I,,, denote a row vector of ones, then we define

the impulse response function as:

ot + A) = aPloy (QAHet) (3)

From (3), the effect that a vector of shocks (¢;) will have on ¢(t + A) is defined by the
temporal persistence coefficient («) and the spatial feedback matrix (£2). Thus the effect of a
specific shock €; — the shock in pixel ¢ — has a linear effect on the impulse response function.
The strength of this linear effect is measured by the sum of the values in the columns of the
matrix Q2+, Summing the values on each row of Q2+! gives a measure of the potential of
a pixel to affect the overall Amazon system. Thus, the sum of the values in each row of the
spatial feedback matrix can be interpreted as the index of criticality of a pixel. Analogously,
summing the values on each column of Q2! gives a measure of the potential of a pixel to be
affected by the overall Amazon system. Thus, the sum of the values in each column of the

spatial feedback matrix can be interpreted as an index of exposure of each pixel.

Estimation

Since (1) constitutes a dynamic panel, we cannot employ a standard fixed effects estimator
but we can take first-differences to remove the fixed effect and use lagged values of Y, as

an instrument for the model in differences. In dynamic panels, the standard demeaning



Figure 2: Data and Estimates.
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Note: Data showing (A) the average leaf area index for the year 1985 (LAI) representing local
forest status, and (B) atmospheric transport, calculated as the 5-day back trajectories for a sam-
ple of our pixels. (C) Estimated spatial lags (8;) for each k between 1 and 20. The shaded
gray area shows the 95% confidence interval with standard errors clustered at the pixel level.



procedure creates new independent variables that are correlated with the error term. This
can bias the estimates of 8. Taking the first difference is an alternative strategy to remove a
fixed effect. This estimation corresponds to the strategies proposed by Anderson and Hsiao
(1981) and Arellano and Bond (1991) for dynamic panels. Taking first differences:

K
AY; = 0l + Y B (AW + & (4)

k=1

We use the following moment conditions to identify the parameters ((5) and (6)). This
estimator is just-identified, since the number of moment conditions matches the number of
estimated parameters. Notice we use the lagged level variable Y;_ 5 as the instrument instead
of the lagged difference (Arellano, 1989; Phillips and Han, 2015). We could over-identify the
model, that is, have more moments than parameters, by using further lags (Y;_3,Y; 4...).
The advantage would be a more efficient estimator with smaller standard errors. However,
given the size of our sample, our standard errors would not improve much, furthermore, an
over-identified model would require numerical optimization, which is not necessary in a just-
identified model. The numerical optimization could also introduce unnecessary numerical

noise to our estimates.

E[6Y; 2] =0 (5)

E [@AWF]YO} — 0, (6)

A note on dynamics

The coefficient a captures a partial temporal persistence of y;;. The interpretation of this
coefficient is partial because all the effects of the state of the forest in period t are already
being captured by the remaining terms in (1), that is, o captures the temporal persistence
effect after partialling out (or controlling for) the effect of the current state of the forest,
which also depends on past states of the forest. Therefore, the low persistence temporal
effect we estimate (o = 0.22) does not necessarily mean that the forest has a low persistence

on its status.



On aggregate shocks

We could include time fixed effects on our estimation, which could be either a month-year or
only year fixed effect to capture aggregate shocks, such as EL Nino e La Nina phenomena.
Nonetheless, it is likely that such effects change slowly in a way that the moment conditions
(E [&Av] = 0) would be numerically very close to zero. This is so because we already take
the first difference (A~;) before estimating the model. For persistent aggregate shocks that

last for months, the first difference would already be partialling out most of their effects.

On controls

To avoid bias estimates in our reduced-form model, it is important not to control for variables
that mediate the effect we want to study. Such variables are commonly known as “bad
controls" (Wooldridge, 2005; Angrist and Pischke, 2009) or “mediators" (Cinelli et al., 2022).
In our setting, examples of such mediators include precipitation and fire, both of which play
significant roles in the dynamics of the Amazon system (Staver et al., 2011; Touboul et al.,
2018; Wunderling et al., 2022). A potential causal chain of effects involves: (a) a decrease in
upwind exposure to LATI leads to (b) a decrease in precipitation downwind and (c) an increase
in fire vulnerability downwind, thus (d) decreasing downwind LAI. Including precipitation
and/or fire as controls would keep important mechanisms constant or block their path of
causality, thereby absorbing the necessary variation to estimate the model. In this example,
instead of breaking down the mechanisms in the causal chain of effects (a) — (b) — (¢) — (d)
we estimate directly (a) — (d).

3 Data

The climate-adjacency matrix W; is built from two matrices, G and C;. G is a matrix that
describes immediate geographical neighbors, G;; = 1 if pixels ¢ and j are immediate neighbors,
otherwise G;; = 0. Notice that G is constant over time. The matrix C; is built with data
on back-trajectories of atmospheric transportation and describes atmospheric circulation:
Cye = 1, if at time ¢ a trajectory of atmospheric circulation goes through j before reaching
i. Otherwise, Cy;; = 0.

Formally, to compute Wt[k], we first compute

k—1
WM = (]I(Gk >0)- ) LG > 0)> oYe?

J=1
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and then change the diagonal elements of Wt[k] to zero. Here ©® denotes element-wise multi-

plication. Figure S1 in the Appendix illustrates these matrices.

To build the back-trajectories we use monthly three-dimensional wind data (direction and
speed) from 1985 to 2013 Copernicus (2017). For each pixel of 0.25° resolution in the Amazon,
we trace back the trajectory that arrives at that pixel at 800 hPa (Spracklen et al., 2012) for

5 days, which is enough time for back-trajectories to reach the ocean.

To measure the forest status (Y;), we use monthly Leaf Area Index (LAI) data (Xiao et al.,
2016) at the resolution of 0.05°. The LAI is a measurement that quantifies the amount of
leaf surface area relative to the ground area. It provides information about the density and
extent of vegetation cover. A higher LAI value indicates a denser canopy with more leaves,
which can result in increased photosynthesis, carbon sequestration, biomass production, and
overall productivity. To make both LAI and atmospheric trajectories data compatible, we
reduce LAI’s data resolution applying an average kernel. In the Appendix, Figure S3, we
show the results for different ways of assigning the LAI data to match the wind data. Our
results remain stable under these different sampling strategies. Figure 2 shows the spatial

distribution of LATI in the Amazon in the beginning of our sample.

In the simulation exercise, we make use of deforestation data. To identify pixels that were
most deforested between 2001 and 2022, we selected pixels with more than 50% of deforested

area during that period, according to the annual data in (Hansen et al., 2013).

4 Results

Estimation. We estimate (1) with 20 lags (K = 20). We find a temporal persistence
coefficient («) of 0.22 (standard error is 0.001; p-value < 0.001%). This persistence coefficient
is higher than the average persistence of individual effects computed by Boulton et al. (2022),
but within the bounds of one standard deviation of these individual coefficients. Figure 2C

shows the estimated [’s.

In Figure 2C we can only have a partial interpretation of the coefficients. The coefficients
Br gives the direct effect of a neighbor of degree k on a pixel of interest. Nonetheless, the
k-th neighbor of a pixel is also the first, second or k-th neighbor of other pixels. This
compounded effect, which accounts for feedback effects in all pixels, can only be captured by
the inverse matrix of the spatial lags: 2 = (I — Zszl 5kW[k]>1. Yet, a partial interpretation
is also useful. Summing the [;’s, we get a direct cumulative effect of 0.26. Thus, the

persistence coefficient (av = 0.22) and the direct spatial lag effect (>, B = 0.26) create a
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Figure 3: Index of Criticality (A) and Index of Exposure (B).
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Note: (A) the total effect that a shock in a pixel has accounting for all the spatial feedbacks. Each en-
try Q(i,7) represents the effect that pixel j has on pixel i. For each pixel, represented by a column of €,
the map shows the sum of values in that column. This sum measures the potential of that pixel to af-
fect the entire forest (B) the total effect that a pixel receives accounting for all the spatial feedbacks. For
each pixel, represented by a row of €2, the map shows the sum of values in that row, this sum measures
the potential of that pixel to be affected by the entire forest. The maps are colored according to the quar-
tiles of the effects, that is, it shows the distribution from the 25% smallest multiplier effects (blue) to the
25% largest ones (yellow). The histogram below each map shows the distribution of the multiplier effects.

compounded effect of 0.48, that is, 48% of a variation in the current state of a pixel can
be explained by temporal persistence plus direct upwind variations. The direct spatial lag
effect (3, Br = 0.26) can be closely compared with Wunderling et al. (2022)’s results where
the network effect is the tipping reason in 25% percent of the Amazon basin. All results are

displayed in Table S1 in the Appendix.

Specifications with more than 20 lags (K > 20) show no significant results for k£ > 20. Figure
S2 in the Appendix shows the result of estimating (1) with 60 lags, for which g with & > 20

is not significant at the 5% significance level.

Counterfactual. With the estimated coefficients we compute the matrix 2. We show the

results for: (1) summing the values on each column of €, which measures the potential that

12



each pixel has to affect the entire forest; (2) summing the values on each row of 2, which
measures the potential that each pixel has to be affected by the entire forest (Figure 3 for
A = 1). The multiplier effect, caused by the cascading effects of atmospheric trajectories,
means that a shock at a pixel has an effect on a range of different pixels in the forest, causing
an overall effect computed as the initial shock times a multiplier effect (Figure 3A). This
multiplier effect is the sum of values in the column corresponding to the pixel where the
initial shock occurred, that is, our index of criticality (Figure 3A). Looking at the other
side of the coin, given a homogeneous shock at all pixels of the forest, pixels are likely to be
affected heterogeneously. This overall effect is captured by a multiplier effect of the aggregate
shock, that is, our index of exposure (Figure 3B). This multiplier effect is the sum of the

values of the row corresponding to each pixel, that is, the values depicted in Figure 3B.

The matrix €2 is more complex than the results in Figure 3, since it gives the specific effect of
one pixel on another, that is, the entry €(i, j) gives the effect that pixel j has on pixel i. For
policy making purposes, we perform a targeted exercise, considering degradation caused by
the pixels that were mostly deforested between 2001 and 2022 (Hansen et al., 2013). Thus,
we select the pixels that had more than 50% of its area deforested (white squares in Fig.
4) and map the areas that would suffer indirect degradation (coloured squares in Fig. 4).
The estimated multiplier effects allow us to measure this indirect degradation effect as a
proportion of the decrease in LAI caused by upwind deforestation (Figure 4). To do this, for
each pixel that is affected, we plot the sum of the multiplier effects corresponding to the most
deforested pixels. These measures of indirect degradation are highly heterogeneous, showing
the importance of mapping affected areas to efficiently allocate public policies of conservation

and restoration.

Given the estimated temporal persistence parameter («) of 0.22, the effect of a shock in
t in forest status at period t + A decreases fast as A increases, faster than the multiplier
effect of Q2*! increases. That is, the magnitude of the contemporary cascading effects of
forest disturbances dominates any past effects, or the spatial component of the model is more
relevant than the temporal component. In Figures S3 and S4 in the Appendix we show the
spatial evolution of QA*! for different A’s. The magnitudes decrease sharply and the set
of the most important pixels move constantly to north-northeastern region, following the

inverse trajectory of trade winds.

It is important to acknowledge the limitations of our research. We do not account for other
spillover effects of forest disturbance that are likely to amplify our estimates, such as border
effects and local temperature effects. By design, the effects we estimate are only the ones

mediated by atmospheric transport. Thus, our results represent a conservative estimate of
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Figure 4: Deforestation and Cascading Effects

A | B

[ 1>20% [ 15%-20% [ 10%-15%

Note: These maps show: the pixels that were most deforested between 2001 and 2022 (the white
squares in A and B) (Hansen et al., 2013). We selected pixels that deforested more than 50%. To-
gether those pixels represent 32% of the total deforestation in the Amazon; we then map the areas that
are affected by the deforestation in the white pixels (the values on the columns of 2 corresponding to
the white pixels). To facilitate visualization we breakdown the affected pixels in bins (10%-15%, 15%-
20%, and >20%) where each bin represents the share of the change in LAI in the white pixels that will
be propagated. Map B shows a zoomed in version of map A, in the arch of deforestation in Brazil.

the extent to which local forest disturbances contribute to remote degradation.

Nonetheless, our model of the Amazon system dynamics provides a practical tool for policy-
making. By utilizing the 2 matrix, we can map both the anticipated (ex-ante) and observed
(ex-post) degradation effects resulting from forest disturbances, including climate shocks and
deforestation. This methodology is valuable for conducting cost-benefit analyses of projects
that contribute to deforestation, such as the construction of transportation infrastructure, as
well as for assessing the effectiveness of forest protection policies, such as the establishment

of conservation units.

5 Conclusion

We present a novel approach using reduced-form econometric methods to assess the dynamics
of forest degradation in the Amazon rainforests. We study the interactions, both locally and
remotely, of the Leaf Area Index (LAI) across the entire Amazon basin. Our data-driven
model accounts for temporal persistence and also uses data on wind-trajectories to capture

spatial cascading effects of disturbances that affect the resilience of the Amazon ecosystem.
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Our approach allows us to estimate causal effects, adding to the literature of large-scale

calibrated models and measurements of forest resilience indicators.

The results of our study reveal significant implications for the conservation and restoration of
the Amazon rainforests. We find that, on average, the presence of cascading effects mediated
by atmospheric circulation in the Amazon doubles the impact of an initial damage. As there
is significant heterogeneity in this multiplier effect, we identify critical areas that act as the
highest amplifiers of disturbances, propagating impacts to neighboring areas and potentially
leading to basin-wide consequences, thus highlighting areas that require special attention in
conservation policies and that could be prioritized in restoration policies. Additionally, we
pinpoint locations that are particularly vulnerable to remote disturbances. This research en-
hances our understanding of the complex processes occurring within the Amazon rainforests,
enabling policymakers to make informed decisions in safeguarding the forest’s crucial role in

the lives of the local communities, global climate regulation, and biodiversity preservation.
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1 Appendix

Figure 1.1: Matrices that summarize the forest.
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Note: This figure illustrates the matrices used to build the data. We start with the LAI data
that represents the forest (the tones of green) and the atmospheric circulation (the blue arrows);
our Y; vector is a vectorized version of the forest LAI matrix; C; is a matrix that shows for each
pixel (row) which pixels (column) affect it. The G matrix describes whether pixels (i,j) are im-
mediate geographical neighbors; W; = G ® C, where ® denotes the Hadamard or component-

wise product, defines the first-degree climate neighbors; th shows second-degree climate neighbors.



Table 1.1: Estimation results.

variable coefficient standard error

oY 0.2200 (0.0019)
5 0.0811 (0.0014)
By 0.0391 (0.0011)
Bs 0.0262 (0.001)
By 0.0197 (0.0009)
Bs 0.0152 (0.0009)
Bs 0.0100 (0.0009)
B 0.0076 (0.0009)
Bs 0.0093 (0.0009)
By 0.0091 (0.0008)
B1o 0.0058 (0.0008)
B 0.0050 (0.0008)
Bia 0.0043 (0.0008)
Bis 0.0028 (0.0008)
B4 0.0036 (0.0008)
Bis 0.0026 (0.0008)
Big 0.0029 (0.0008)
it 0.0028 (0.0008)
s 0.0050 (0.0008)
Bio 0.0017 (0.0008)
Bao 0.0040 (0.0007)
constant  0.9605 (0.0462)

Note: This table shows the estimated coefficients of Expression (4). Standard errors in parenthe-
ses are clustered at the pixel level. Number of observations: 3,300,494. Number of clusters: 9,539.



Figure 1.2: Estimated spatial lags (5y).
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Note: This figure shows the estimated spatial lags (Bi) for each k between 1 and 60. The
shaded gray area shows the 95% confidence interval with standard errors clustered at the pixel level.



Figure 1.3: Estimated spatial lags (5).
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Note: This figure shows the estimated spatial lags (8 ) for each k between 1 and 20. In this exercise, instead of
reducing the resolution of the LAI data to match the resolution of the wind data, we assign the LAI value (A)
at the centroid of the grid (B) at the center of the grid with a reduced resolution of 0.15°. The results is shown
by the red (A) and blue (B) lines, with the 95% confidence interval with standard errors clustered at the pixel
level shown in shaded color. For comparison, the black line and dotted lines show the estimates and 95% con-
fidence interval of Figure 2C, our preferred specification. Sampling by the centroid (A) results in an estimate
of « of 0.075 (std. 0.001). The reduced resolution of 0.15° results in an estimate of « of 0.166 (std. 0.001).



Figure 1.4: Index of Criticality.
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Note: This figure shows the total effect that a shock at a pixel would have, accounting for spa-

tial feedback, for different time windows. As mnoted before, the decay of the spatial dimension
a® dominates the effect. Maximum values for each scenario are A:2.64; B:0.07; C:0.001, D:10~°.



Figure 1.5: Index of Exposure.
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Note: This figure shows the total effect that a pixel receives given a shock at every pixel in the forest,
accounting for spatial feedback for different time windows. As noted before, the decay of the spatial di-
mension a® dominates the effect. Maximum values for each scenario are A:2.57; B:0.07; C:0.001, D:10~°.
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