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Externalities in forest deforestation

Motivation: Flying Rivers

Trees recycle humidity back to atmosphere, Salati et al. [1979]

Generate “flying rivers” that are responsible for ∼30-40% of rain in
Amazon

Rainfall → trees’ transpiration → recharges atmospheric humidity →
humidity moves downwind → rainfall.

Less trees → less water downwind. Deforestation → degradation.

Rain is responsible for rain-forest

Rain-forest is also responsible for the rain.

More water in flying rivers than in the Amazon River.

Photos by Sebastião Salgado.
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Externalities in forest deforestation

Estimating spatial amplification of degradation of Amazon
I

Araujo et al. [2023]

In addition to local impacts, human-induced disturbances of forest are
likely to cascade following the eastern-western atmospheric flow
generated by trade winds.

No trees, no humidity recycling.

Model spatial and temporal interactions created by this flow to
estimate spread of effects to downwind locations.

Spatial component captures cascading effects propagated by
neighboring regions while temporal component captures the
persistence of local disturbances.

Estimate that on average, the presence of cascading effects mediated
by winds in the Amazon doubles the impact of an initial damage.
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Externalities in forest deforestation

Estimating spatial amplification of degradation of Amazon
II

Heterogeneity: damage in some regions does not propagate. In others
amplification can reach 250%.

Only account for spillovers mediated by wind ⇒ underestimation of
spillovers.
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Externalities in forest deforestation

Related literature I

Water recycling in Amazon: Salati et al. [1979], Costa et al. [2012]

Large-scale calibrated models connecting forest dynamics and climate
to construct scenarios of forest resilience e.g., Shukla et al.
[1990],Wunderling et al. [2022], Nobre et al. [1991] (see Araujo et al.
[2023] for additional references)

Research focused on measuring resilience indicators such as changes
in status of vegetation Boulton et al. [2022], in net carbon emissions
Gatti et al. [2021], or in rainfall regime Salati et al. [1979]( See
additional references in Araujo et al. [2023].)

Araujo [2023] also uses wind data but does not measure cascading
effects.
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Externalities in forest deforestation

Related literature II

Using reduced form econometric methods to answer questions in
climate science:

Artic Sea Ice Diebold and Rudebusch [2022], Diebold et al. [2022].

Goal of Araujo et al. [2023] is to make explicit identification
hypothesis to establish causal effect and enhance interpretation of
estimates.

Counterfactuals
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Externalities in forest deforestation

Mechanisms and model

Statistical model abstract from transpiration mechanism; uses variations on

atmospheric trajectory to estimate dynamics
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Externalities in forest deforestation

Atmospheric trajectories I

Need to identify immediate neighbors and measure atmospheric
trajectories that transport humidity

Pixel resolution determined by wind data - 0.25° resolution (∼ 27.5km2

near equator)
Relevant wind is at 800hPa (∼ 6000 feet) [Spracklen et al., 2012].

Let G be a matrix such that Gij = 1 if and only if pixels i and j are
immediate neighbors. Otherwise Gij = 0

Let Cij ,t = 1 if a trajectory of atmospheric circulation at t goes
through j before reaching i . Otherwise Cij ,t = 0.

Let Wt = G ⊙ Ct , wij ,t = GijCij ,t ∈ {0, 1} equals 1 if pixel j has
direct effect on i via atmospheric circulation at time t.

Wt is “climate adjacency matrix”.

⊙ indicates Hadamard (componentwise) product
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Externalities in forest deforestation

Atmospheric trajectories II

Ŵ
[k]
t :=

I(G k > 0)−
k−1∑
j=1

I(G j > 0)

⊙ Ct

(W
[k]
t )ij := (Ŵ

[k]
t )ij , if i ̸= j and (W

[k]
t )ii := 0.

W
[k]
t as the matrix of kth-degree neighbors. W

[k]
t identifies pixels i

and j that are k-th degree geographical neighbors and are connected
through atmospheric circulation at t.

W [1] := W

To build back-trajectories of wind over time, use monthly
three-dimensional wind data (direction and speed) from 1985 to 2013
(Copernicus [2017]). For each pixel, trace back the trajectory that
arrives at that pixel at 800 hPa (∼ 6000feet ) for 5 days; enough for
back-trajectories to reach ocean.
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Externalities in forest deforestation

Atmospheric trajectories III

Identification assumption: (W
[k]
t )ij(W

[k]
t )ji = 0.

Physics: Wind in Amazon goes southwest (Heat gradient plus Coriolis
effect)

Verified in data.
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Externalities in forest deforestation

Illustration

Yt vector of pixels LAI at t. Ct shows for each row-pixel, pixels that affect it.

Gij = 1 if pixels (i, j) are immediate geographical neighbors.
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Externalities in forest deforestation

Leaf area index I

Leaf area index (LAI) is a dimensionless quantity that measures the
amount of leaf area in a plant canopy

LAI= Leaf area/ground area

Leaf area is one sided.

Provides information on density and extent of vegetation cover.
Higher LAI value indicates denser canopy with more leaves, which can
result in increased photosynthesis, carbon sequestration, biomass
production, and overall productivity.

Higher frequency fluctuations

Affected by seasons.

LAI data from the NOAA Climate Data Record of AVHRR Leaf Area
Index (LAI) at the spatial resolution of 0.05° for 1985-2013 Claverie
et al. [2016].
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Externalities in forest deforestation

Leaf area index II

Longest LAI time-series available; includes decades of high
deforestation rates.

Reduce LAI’s data resolution to wind-data resolution applying an
average kernel.
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Externalities in forest deforestation

Model I

Yt vector of LAI indices of pixels.

Specify the evolution of forest status as a spatial dynamic panel:

Yt = αYt−1 +
K∑

k=1

βkW
[k]
t Yt + Xγ + εt (1)

X vector of pixel characteristics

Equation (1) is a consistency (equilibrium) requirement for
cross-section of LAI, given previous LAI and shocks.

5 days are enough for air parcel to travel entire Amazon
t is monthly

Since dynamic panel use first differences

∆Yt = α∆Yt−1 +
K∑

k=1

βk∆(W
[k]
t Yt) + ε̃t (2)
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Externalities in forest deforestation

Model II

Use Yt−2 as instrument for ∆Yt−1 because Yt−1 is correlated with ε̃t

See Arellano [1989], Phillips and Han [2015]

To avoid the effects of anthropogenic processes that affect

simultaneously several pixels, instrument ∆(W
[k]
t Yt) by ∆W

[k]
t Y0.

Thus use the following K + 1 moment conditions to identify
parameters.

E [ϵ̃tYt−2] = 0 (3)

E
[
ϵ̃t∆(W

[k]
t Y0)

]
= 0 (4)

No over-identifying restrictions.
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Externalities in forest deforestation

Estimates: α

Standard errors clustered at the pixel level. Number of observations:
3,300,494. Number of clusters: 9,539

α = .22 (.0019)

Persistence coefficient higher than average persistence of individual
effects computed by Boulton et al. [2022], but within within 1sd
bounds of these individual coefficients.

α should be interpreted as partial persistence coefficient after
controlling for state of rest of forest.

Therefore low α does not imply that forest state has low persistence.
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Externalities in forest deforestation

Estimates: β

∑20
k=1 βk = .26
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Externalities in forest deforestation

Additional controls?

Possible causal chain of effects: (a) a decrease in upwind LAI leads to
(b) a decrease in precipitation downwind and (c) an increase in fire
vulnerability downwind, thus (d) decreasing downwind LAI.

Instead of breaking down the mechanism as (a) → (b) → (c) → (d)
we estimate directly (a) → (d).

Including precipitation and/or fire as controls would keep important
mechanisms constant or block their path of causality, thereby
absorbing the variation necessary to estimate the model.

“ Bad controls,” Wooldridge [2005], Angrist and Pischke [2009]

”Mediators”, Cinelli et al. [2022]
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Externalities in forest deforestation

Impulse response I

There are many ways to define impulse-responses

W [k] := 1
T

∑
t W

[k]
t , T time-length of data.

Process of atmospheric transport is mean-ergodic
Sample average (W [k]) representative of future patterns.

Ω :=
(
I −

∑K
k=1 βkW

[k]
)−1

.

Summarizes in a single matrix all average feedback effects of the
spatial dimension.

If ||W || < 1 and K = 1,
Ω = (I − β1W )−1 = I + β1W + β2

1W
2 + β3

1W
3 + ....

Yt = αΩYt−1 +ΩXγ +Ωϵt
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Externalities in forest deforestation

Impulse response II

May also iterate for a time window ∆,

Yt+∆ = α∆+1Ω∆+1Yt−1 +
∆∑
i=0

αiΩi+1Xγ +
∆∑
i=0

αiΩi+1ϵt+∆−i (5)

Using previous estimates we can calculate an impulse response
function ϕ

ϕ(t +∆) := α∆Irow
(
Ω∆+1ϵt

)
(6)

Irow denote a row vector of ones

(ϕ(t +∆)) returns the effect that a shock ϵt at time t, has on the
forest status over all pixels at t +∆, for an average pattern of
atmospheric situation.

The effect is linear on the initial shock
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Externalities in forest deforestation

Impulse response III

Aggregate effect of a unit shock to pixel i on the forest, after an
interval of time ∆, is the sum of the elements in row i of the matrix
Ω∆+1.

Analogously, the effect of a unit shock to all pixels on site j is given
by the sum of the entries in column j of the matrix Ω∆+1.

As ∆ → 0, effect of a unit shock ϵi in site i on forest is given by∑
j Ωij

Index of influence of i∑
i Ωij

Index of exposure of j

As ∆ increases, matrix Ω∆+1 decays fast and most influential pixels
move to north-northeast accompanying the inverse trajectory of trade
winds.
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Externalities in forest deforestation

A: Index of influence B: Index of exposure

Average multiplier is 2.
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Externalities in forest deforestation

Predicted LAI effect of most deforested pixels

DRAFT

745

746

747

748

749

750

751

752

753

754

755

756

757

758

759

760

761

762

763

764

765

766

767

768

769

770

771

772

773

774

775

776

777

778

779

780

781

782

783

784

785

786

787

788

789

790

791

792

793

794

795

796

797

798

799

800

801

802

803

804

805

806

807

808

809

810

811

812

813

814

815

816

817

818

819

820

821

822

823

824

825

826

827

828

829

830

831

832

833

834

835

836

837

838

839

840

841

842

843

844

845

846

847

848

849

850

851

852

853

854

855

856

857

858

859

860

861

862

863

864

865

866

867

868

Fig. 4. These maps show: the pixels that were most deforested between 2001 and 2022 (the white squares in A and B) (42). We selected pixels that were deforested more than
50%. Together 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 Ω 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.

phenomena. Nonetheless, it is likely that such effects change
slowly in a way that the moment conditions (E [ϵ̃t∆γt] = 0) would
be numerically very close to zero. This is so because we already
take the first difference (∆γt) 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” (47, 48) or “mediators” (49). In our setting, examples of
such mediators include precipitation and fire, both of which play
significant roles in the dynamics of the Amazon system (7, 50, 51).
A potential causal chain of effects involves: (a) a decrease in
upwind exposure to LAI 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) → (c) → (d)
we estimate directly (a) → (d).

Data. In the Amazon basin, moisture is advected from the Atlantic
ocean by the trade winds, as a result of the atmospheric general
circulation. Then, it crosses the basin westernwards until it
reaches the Andes mountains where the moisture flux is channeled
southernwards. Within this standard behavior, atmospheric
trajectories vary, providing variation to estimate a model using
panel data. Because we use LAI time series on a monthly basis,
we build atmospheric trajectories at monthly frequency.

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

Formally, to compute W
[k]
t , we first compute

Ŵ
[k]
t =

(
I(Gk > 0) −

k−1∑

j=1

I(Gj > 0)

)
⊙ Ct

and then change the diagonal elements of Ŵ
[k]
t to zero. Here ⊙

denotes element-wise multiplication. Figure S1 in the Appendix
illustrates the matrices described so far.

To build the back-trajectories we use monthly three-dimensional
wind data (direction and speed) from 1985 to 2013 (52). For each
pixel of 0.25° resolution in the Amazon, we trace back the trajectory
that arrives at that pixel at 800 hPa (30) for 5 days, which is enough
time for back-trajectories to reach the ocean.

We stated a unidirectionality hypothesis where if pixel i affects
pixel j through atmospheric circulation, the opposite cannot
happen. We can check this hypothesis in our data. In a cross-
section (given t) it is always true. In a panel structure we may
want to account for violations even if they happen far apart in
time. Of all the existing connections present in our data, only
0.003% of them present bidirectionally, These apparent violations
of out hypothesis are likely driven by measurement errors in our
wind data of nearby pixels.

We collect monthly Leaf Area Index (LAI) data from the NOAA
Climate Data Record of AVHRR Leaf Area Index (LAI) at the
spatial resolution of 0.05o for the all the years between 1985 and
2013 (53), to use as proxy of forest status. To our knowledge it
is the longest LAI time-series available, and it includes decades
of high deforestation rates (i.e., LAI decreases). The variation
in LAI allows us to observe deviations from long-term patterns,
both in LAI and the upwind exposure of LAI, what leads to
better estimates of the model. 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

Araujo et al. PNAS — February 8, 2024 — vol. XXX — no. XX — 7

White pixels are pixels that were deforested at least 50% in
2001-2022.
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Externalities in forest deforestation

Transnational externality

Effect of deforestation in pixels in Rondonia state.
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Externalities in forest deforestation

Conclusions

Identified important externalities of forest degradation.

Can identify crucial pixels.*

To apply to model such as in Assunção et al. [2023] need to obtain
“price” of LAI

Connect changes in LAI to changes in carbon.

Reduced LAI increases local temperature.

Regression of ∆CO2 on ∆LAI and interactions of ∆LAI interacted
with LON, LAT and Lon × LAT restricted to sites with ∆LAI < 0
has negative coefficient that is significant

Point estimates similar and better R2 if restrict to ∆LAI < −5%

No causality
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