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Abstract

Forest loss in the Amazon links land conversion to carbon emissions and may alter the 
climatic conditions that support agriculture. This study examines how these relationships 
unfold within and across years using regional observations for 1990–2023. Exploratory 
analyses and a Bayesian vector autoregression relate deforestation, temperature, precipi-
tation, gross land use emissions, and agricultural value added, accounting for Pacific and 
Atlantic climate variability and a linear trend. Deforestation and emissions remain grouped 
after removing trends, whereas the broader climatic and agricultural groupings change. 
Changes in deforestation and emissions are positively associated within the same year: 
a one standard deviation unexpected increase in annual deforestation change corresponds 
to an estimated emissions change response of 115.87 million tCO2 e (95% credible interval: 
56.33–192.20 million). Subsequent responses are too uncertain to establish how long this 
association persists. Temperature, precipitation, and agricultural responses also remain im-
precisely estimated. The principal contribution is an integrated assessment distinguishing 
detectable annual forest loss–inventory co-movement from unresolved later hydroclimatic 
and agricultural responses. Related land change inputs in the emissions inventory limit the 
independence of the carbon finding. These results support joint monitoring of forest loss 
and gross emissions, complemented by spatial and seasonal indicators of climatic regulation 
and agricultural vulnerability.

Keywords: Amazon; deforestation; Bayesian vector autoregression; LULUCF emissions; 
hydroclimate; agricultural value added; generalized impulse response

1. Introduction
The Amazon forest is a central component of the South American climate system. 

Through evapotranspiration and atmospheric moisture recycling, it influences regional 
precipitation, surface energy balances, atmospheric circulation, and water availability within 
and beyond the basin [1–3]. Forest loss modifies evapotranspiration, surface roughness, 
albedo, and sensible and latent heat fluxes, potentially affecting both local climatic conditions 
and downwind regions. These interactions are spatially heterogeneous and vary according 
to season, land use configuration, forest loss intensity, and the geographical scale at which 
climatic responses are measured [4–6].

The consequences of deforestation are not restricted to hydroclimatic processes. Clear-
cutting, degradation, fire, and associated land cover transitions contribute to greenhouse gas 
emissions from land use, land use change, and forestry (LULUCF) and can alter the regional 
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carbon balance [7,8]. Agricultural outcomes are similarly mediated by several mechanisms, 
including rainfall, productivity, commodity prices, rural credit, technology, environmental 
enforcement, and the availability of previously cleared land. Consequently, agricultural 
expansion and aggregate output do not necessarily move proportionally with annual forest 
loss [9–11]. Understanding how these indicators vary together is relevant to assessing land 
conversion alongside the climatic conditions on which agricultural activity depends.

The identification of deforestation-related dynamics is further complicated by large-
scale climate variability. The El Niño–Southern Oscillation (ENSO) is a major source 
of interannual rainfall and temperature anomalies in Amazonia and closely associated 
with drought intensity, fire occurrence, and carbon emissions [5,7,12]. Climatic variation 
associated with ENSO may therefore coincide with or obscure the hydroclimatic responses 
associated with land use change. Tropical Atlantic conditions also influence Amazonian 
drought and rainfall variability [12]. The annual comparison therefore includes both the 
Oceanic Niño Index (ONI) and a Tropical North Atlantic index (TNA) while recognizing 
that these controls cannot represent all climatic and socioeconomic influences.

Previous studies have documented hydroclimatic responses [4–6,12], carbon dynam-
ics [7,8], and relationships between agriculture, land use, and deforestation [4,9–11]. More 
recent studies have connected some of these dimensions. Franco et al. examine the interac-
tion of deforestation and climate change in the transformation of the Amazon rainforest [13], 
whereas Attílio examines Amazon deforestation and CO2  emissions within a global vector 
autoregressive framework [14]. Other multivariate studies have focused on the economic 
drivers of deforestation [15] or transitions among land use categories [16]. Together, these 
studies address forest loss through different measurements, geographical scales, and envi-
ronmental or economic outcomes.

The central question of this study is how annual changes in Amazon deforestation 
relate to emissions, hydroclimate, and agricultural activity and how these relationships 
unfold over time after accounting for oceanic climate variability. To address this question, 
the study examines regional temperature, precipitation, gross LULUCF emissions, and 
agricultural value added in relation to annual changes in deforestation in the Brazilian Legal 
Amazon. The objectives are to identify patterns of co-movement among these indicators; 
compare the timing, persistence, and uncertainty of responses associated with deforestation 
innovations; and quantify the share of each outcome’s forecast error variance associated 
with those innovations, conditional on ENSO and tropical Atlantic variability. The empirical 
contribution is an integrated assessment of the annual relationships linking forest loss, 
emissions, hydroclimatic conditions, and agricultural activity, distinguishing same-year 
associations from responses in subsequent years.

The empirical strategy combines exploratory multivariate analysis with Bayesian dy-
namic modeling using annual observations for 1990–2023. Hierarchical cluster analysis 
(HCA) and principal component analysis (PCA) describe similarities among the series and 
their main axes of co-movement, both in levels and after transformation. A Bayesian vector 
autoregression with external regressors (BVARX), estimated with a Litterman–Minnesota 
coefficient prior [17], models the dynamic relationships conditional on ONI, TNA, and a lin-
ear trend, with sensitivity evaluated across alternative prior and lag specifications [18,19]. 
Generalized impulse response functions (GIRFs) trace the responses to innovations in 
annual deforestation changes, while normalized generalized forecast error variance de-
compositions (GFEVDs) summarize their associated shares of forecast uncertainty within 
the model [20]. Conditional Granger tests provide complementary evidence on predictive 
directionality. The resulting comparisons describe annual associations; they do not identify 
an externally imposed forest clearing intervention.
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2. Materials and Methods
2.1. Data Coverage and Annual Definitions

The dataset contains 34 complete annual observations for 1990–2023, the common 
period available for all indicators. The endogenous variables are deforestation (PRODES), 
2 m air temperature (TEMP), precipitation (PREC), gross land use, land use change and 
forestry emissions (CO2E), and agricultural value added (AGRO); ONI and TNA are 
external regressors. No missing annual value was imputed. Table 1 defines their units, 
geographic coverage, and annual windows. Source extraction and verification details are 
provided in Supplementary Material S1.

Table 1. Definitions and temporal coverage of the analytical variables.

Variable and Unit Geographic Scope and Source Annual Definition

PRODES (km2 ) Official Legal Amazon monitoring 
domain; INPE [21]

August(t − 1)–July(t); annual clear-cut 
deforestation rate

TEMP (°C) IBGE 2024 Legal Amazon polygon; 
ERA5-Land 0.1° [22–24]

August–July; day-weighted mean of 
monthly means

PREC (mm) IBGE 2024 Legal Amazon polygon; 
CHIRPS v2.0, 0.05° [25]

August–July; sum of monthly 
precipitation totals

CO2E (tCO2 e) SEEG 13; gross LULUCF, GWP100 AR6; 
listed Legal Amazon municipalities [26] Calendar year; annual inventory total

AGRO (million 2010 BRL) Ipeadata; sum of nine whole states, 
including all of Maranhão [27]

Calendar year; agricultural gross value 
added at basic prices

ONI (°C) NOAA CPC, ERSSTv5 Niño-3.4 
index [28]

August–July mean of 12 overlapping 
seasons assigned to their central month

TNA (°C) NOAA PSL HadISST1.1, 1991–2020 
anomaly baseline [29]

August–July mean of 12 monthly 
anomalies

All main-series observations cover 1990–2023. The nine states are Acre, Amapá, Amazonas, Maranhão, 
Mato Grosso, Pará, Rondônia, Roraima, and Tocantins. The spatial supports of the indicators are 
related but not identical. GWP100 AR6 denotes 100-year global warming potentials from the IPCC 
Sixth Assessment Report.

Climate aggregates use grid cells whose centers fall within the IBGE 2024 Legal Amazon 
polygon, with cosine latitude weights renormalized over valid cells. ERA5-Land temper-
atures were converted to degrees Celsius and combined into annual means weighted by 
the number of days per month. Annual CHIRPS precipitation sums 12 monthly regional 
totals. The August–July climate and ocean index windows align with the official PRODES 
year; CO2E and AGRO retain calendar-year totals. ONI three-month seasons were assigned 
to their central month before annual averaging. Alternative July–June and calendar-year 
windows were evaluated for TEMP, PREC, ONI, and TNA.

SEEG 13 emissions were filtered for gross LULUCF emissions under GWP100 AR6, 
excluding removals and other sectors, and aggregated using the IBGE 2024 Legal Amazon 
municipal list. The main series includes the full totals of the 181 listed Maranhão municipal-
ities, including 21 partially within the region. A sensitivity analysis weights these partial 
municipalities by their territorial shares. The SEEG methodology combines the MapBiomas 
collection of 10 land cover transitions and deforestation/regeneration information with 
national inventory carbon stocks and IPCC accounting methods [26].

AGRO sums the nine whole-state Ipeadata series in million constant 2010 BRL and 
covers agriculture, livestock, forestry, fishing, and aquaculture. Its source metadata identify 
different Regional Accounts systems, including a comparability break in 2002. Sensitivity 
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analyses exclude AGRO or Maranhão, use agricultural log changes, and include pulse and 
level-shift controls for 2002. The indicators thus differ in geographic coverage and annual 
windows, as specified in Table 1.

2.2. Exploratory Structure and Transformation of the Series
HCA groups standardized annual trajectories using Euclidean distances and Ward.D2 

linkage [30], with the number of groups selected by average silhouette width. PCA sum-
marizes the correlation matrix of the same seven variables [31]; component retention uses 
Gaussian and temporal circular-shift parallel analysis [32]. Alternative distance/linkage 
combinations and a common-window comparison assess sensitivity. Simulation settings 
and agreement measures are given in S1.

HCA and PCA were applied to levels for 1990–2023 and transformed series for 
1991–2023. The latter use first differences of PRODES, CO2E, and AGRO and residuals from 
intercept and trend regressions for TEMP, PREC, ONI, and TNA. These comparisons assess 
how trends influence the multivariate grouping.

Stationarity was assessed using Augmented Dickey–Fuller (ADF), Phillips–Perron 
(PP), and Kwiatkowski–Phillips–Schmidt–Shin (KPSS) tests [33–35]. Level tests include 
an intercept and trend; first-difference tests include an intercept. Zivot–Andrews tests allow 
one endogenous intercept-and-trend break [36]. Lag selection, bandwidths, and critical 
values are documented in S1.

The modeling vector uses first differences of PRODES, CO2E, and AGRO and retains 
TEMP and PREC in levels with an explicit linear trend; ONI and TNA also remain in levels. 
Temperature differencing and alternative agricultural transformations were evaluated as 
sensitivities. Differencing yields 33 observations for 1991–2023. Model comparisons reserve 
1991–1993 as initial lag history and use the same 30 response observations for 1994–2023.

2.3. Bayesian Model and Prior Grid
Let yt  = (ΔPRODESt , TEMPt , PRECt , ΔCO2Et , ΔAGROt )′ and let zt  contain a centered 

linear trend, ONI, and TNA. The reduced form model is [37]

𝑦𝑡 = 𝑐 + ∑
𝑝

𝑙=1
𝐴𝑙𝑦𝑡−𝑙 + Γ𝑧𝑡 + 𝑢𝑡, 𝑢𝑡 ∼ 𝑁5(0, Σ) (1)

Candidate lag orders are p = 0, 1, 2, and 3. Each equation has four non-lag regressors 
and 5p lag coefficients. Scaling and a pilot innovation covariance, estimated from own-AR(1) 
regressions with the same controls, were calculated within each training sample.

The coefficient vector β = vec(B) has a zero-mean normal prior with diagonal covari-
ance V0 . In standardized units, own-lag prior standard deviations are λ1  divided by l to 
the power λ3  and cross-lag standard deviations additionally multiply by λ2 ; intercept and 
control priors are diffuse. The grid uses λ1 ∈ {0.1, 1, 5, 10}, λ2  = 0.99, and λ3 ∈ {1, 2}, giving 
21 distinct specifications after removing duplicate one-lag priors. Conditional on Σ, the 
joint Gaussian posterior has precision and mean

𝑄 = 𝑉0
−1 + Σ−1 ⊗ (𝑋′𝑋),

𝐸(𝛽|𝑌, Σ) = 𝑄−1vec(𝑋′𝑌Σ−1) (2)

The posterior covariance is Q−1 . The p = 0 model is a multivariate regression on 
the controls and provides a predictive benchmark; positive-lag models allow responses to 
propagate across years.

2.4. Forecast Comparison and Residual Screening
Conditional one-step forecasts were evaluated over 2011–2023 using expanding win-

dows and rolling windows of 20 observations. Each forecast conditions on realized con-
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temporaneous ONI and TNA. The comparison score averages variable-specific RMSEs, 
normalized by evaluation period standard deviations, across both window schemes. Be-
cause these years also inform prior selection, this is a conditional evaluation used for 
model comparison.

AIC and BIC provide auxiliary fit–complexity summaries using nominal counts and 
an effective coefficient count tr(Q−1 L), where L = Σ−1 ⊗ (X′X), plus 15 covariance parame-
ters. Dynamic stability requires the maximum companion root modulus of the coefficient 
posterior mean to be below one.

Residual serial dependence was evaluated using recursive Gaussian parametric boot-
straps with complete model refitting. Six global diagnostics assess equation-level and 
multivariate dependence; the strict screen additionally requires nonrejection of each equa-
tion’s Ljung–Box statistic at horizons four and six. The primary dynamic model minimizes 
the combined forecast RMSE among stable positive-lag candidates passing this screen at 5%. 
The best candidate under the global screen and the p = 0 benchmark are reported separately. 
Monte Carlo intervals describe uncertainty around screening probabilities; these decision 
rules have no established joint familywise error rate. Full definitions and simulation settings 
appear in S1.

2.5. Posterior Uncertainty and Dynamic Summaries
Lag–prior sensitivity uses Gaussian coefficient draws conditional on the pilot co-

variance. Primary uncertainty estimates use independent priors β ∼ N(0, V0 ) and
Σ ∼ IW(m + 2, Σpilot ), where m = 5 and the covariance prior mean equals Σpilot . Gibbs 
sampling alternates the joint normal coefficient conditional and the inverse-Wishart covari-
ance conditional. Effective sample sizes and split-chain R-hat assess sampling performance; 
iteration counts and update equations are provided in S1.

Main summaries condition on dynamic stability, with unrestricted summaries supplied 
as sensitivity results. Intervals incorporate coefficient and innovation covariance uncertainty 
while remaining conditional on model selection, empirical scaling, and prior calibration.

A generalized impulse response to a positive one standard deviation innovation in 
ΔPRODES is calculated for each posterior draw as

𝑔𝑗(ℎ) =
𝛷ℎΣ𝑒𝑗

√𝜎𝑗𝑗
, 𝛷0 = 𝐼𝑚 (3)

Here, ej  selects the deforestation equation and Φh  is the moving-average response 
matrix. Impact is h = 0; h = 1 is one year later. Covariance uncertainty is propagated into the 
impact response. Responses are expressed in native units, with cumulative summaries also 
supplied for first-differenced variables. For PRODES, these cumulative responses describe 
changes in the annual deforestation rate level.

Generalized forecast error variance shares are computed at H = 1, 5, 10, and 20. For 
response i and innovation j, the unnormalized draw-specific share is

𝜃𝑖𝑗(𝐻) =
𝜎𝑗𝑗

−1∑𝐻−1
ℎ=0 (𝑒𝑖

′𝛷ℎΣ𝑒𝑗)
2

∑𝐻−1
ℎ=0 𝑒𝑖

′𝛷ℎΣ𝛷ℎ
′𝑒𝑖

(4)

Shares are normalized across innovations within each draw before posterior medi-
ans and 95% pointwise credible intervals are calculated. H = 1 includes impact only; 
H = 20 provides a long-horizon sensitivity summary. Generalized responses accommodate 
contemporaneously correlated innovations without recursive ordering restrictions [20]. 
They describe conditional associations, and normalized variance shares allocate forecast 
uncertainty within the model.
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2.6. Predictability, Stability, and Specification Sensitivity
Conditional Granger tests use OLS VARX equations with all endogenous variables 

and controls at lags one to three. Holm and Benjamini–Hochberg adjustments apply to 
the family of 60 directional tests [38,39]. Parameter stability is examined in own-ARX(1) 
equations using a 2002 break and a maximum-F search over 2005–2013 [40] calibrated 
by independent and block wild bootstraps with Holm adjustment. These tests concern 
conditional predictability and own-equation stability.

Nineteen specifications assess smaller systems, control removal, stronger shrinkage, 
alternative annual windows and geographic aggregation, agricultural transformations and 
break controls, temperature differencing, subsamples, and an extension through 2024 with-
out AGRO. These comparisons use fixed-covariance coefficient draws. Statistical estimation 
and posterior summaries were produced in R (version 4.6.1); manuscript figures were 
rendered from the saved R outputs. Supplementary Material S2 supplies the data, custom 
BVARX implementation, analysis code, and complete numerical results.

3. Results
3.1. Annual Environmental and Agricultural Patterns

Annual deforestation varies substantially over 1990–2023, averaging 13,297 km2  and 
ranging from 4571 to 29,059 km2 . Gross LULUCF emissions average approximately 1.136 bil-
lion tCO2 e per year, with a range of 557.53–2028.14 million tCO2 e. Regional mean tempera-
ture ranges from 25.06 to 26.72 °C and annual precipitation from 1794 to 2402 mm (Table 2). 
Figure 1 places these environmental trajectories alongside agricultural activity and oceanic 
climate variability.

Table 2. Descriptive statistics of the level series, 1990–2023 (n = 34).

Variable Unit Mean SD Minimum Maximum

PRODES km2 13,297.44 6362.51 4571.00 29,059.00
TEMP °C 25.66 0.38 25.06 26.72
PREC mm 2171.89 146.50 1793.76 2402.32
CO2E million tCO2 e 1135.83 389.70 557.53 2028.14
AGRO BRL million 2010 29,410.91 17,851.27 7829.66 71,356.47
ONI °C 0.01 0.71 −1.24 1.65
TNA °C 0.01 0.27 −0.66 0.61

SD: sample standard deviation. Emissions are rescaled only for presentation. Coefficients of variation 
are not used to compare Celsius temperatures or anomaly indices.

3.2. Multivariate Structure
Deforestation and gross emissions form the closest level-series grouping, whereas the 

climatic and agricultural indicators have a different multivariate configuration. In the level 
data, the first two principal components explain 40.04% and 30.66% of total standardized 
variance, respectively, or 70.70% jointly. Both independent-Gaussian and circular-shift 
parallel analysis retain these two components. Although the third eigenvalue exceeds one 
(1.122), it does not exceed the corresponding 95th-percentile reference. Ward clustering 
with silhouette selection gives two groups: PRODES with CO2E and AGRO with TEMP, 
PREC, ONI, and TNA. Figure 2 summarizes the clustering and component correlations.
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Figure 1. Annual series for the environmental and economic indicators and oceanic controls, 1990–2023. 
Climate and index series use the August–July window, whereas CO2E and AGRO are calendar-year 
totals. The dotted line in panel (e) identifies the 2002 Regional Accounts transition. Units are shown 
for every panel.

Figure 2. Exploratory structure of the seven standardized level series, 1990–2023. (a) Ward.D2 
clustering of variables using Euclidean distances; the dashed line marks the silhouette-selected 
two-group partition. (b) Variable correlations with PC1 and PC2. Component signs are oriented 
reproducibly; arrows show variable–component correlations.
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After differencing PRODES, CO2E, and AGRO and detrending the climate and index 
series, the first two components explain 67.96% of variance and remain the two retained 
components. The selected clusters become {ΔPRODES, ΔCO2E, ΔAGRO}, {TEMP, ONI, 
TNA}, and {PREC}. Agreement between the level and transformed partitions is limited: 
the adjusted Rand index is 0.16 and pairwise agreement is 0.57. The largest principal angle 
between the two-component spaces is 44.54°, with mean squared overlap of 0.745. The 
forest loss–emissions grouping is therefore retained across transformations, while AGRO 
changes positions and precipitation forms a separate group. These are comparisons of the 
multivariate structure; response timing is examined below with the BVARX model.

3.3. Stationarity and BVARX Model Selection
Level ADF and PP tests reject a unit root for TEMP, PREC, ONI, and TNA, while 

trend-KPSS does not reject stationarity for those series (Table 3). Both unit root and station-
arity nulls remain unrejected for PRODES, CO2E, and AGRO, leaving their level evidence 
inconclusive. Break-allowing tests vary with lag choice and do not reject a unit root for these 
three series at any of the four tested lags. These diagnostics support using first differences 
for PRODES, CO2E, and AGRO and levels with a trend for the climatic variables; complete 
tests and transformation sensitivities appear in S2.

Table 3. Primary stationarity tests on level series, 1990–2023.

Variable ADF PP KPSS ADF Lag Model Form

PRODES −1.913 −2.469 0.110 1 First difference
TEMP −5.207 −5.899 0.066 1 Level with trend
PREC −5.939 −7.748 0.057 0 Level with trend
CO2E −1.867 −2.283 0.109 1 First difference
AGRO −3.363 −2.910 0.134 1 First difference
ONI −3.660 −4.822 0.072 0 Level with trend
TNA −3.931 −4.073 0.125 0 Level with trend

All level tests include an intercept and a trend. The 5% critical values are −3.600 for ADF, −3.551 
for PP, and 0.146 for KPSS. ADF/PP reject a unit root for statistics below their critical values; KPSS 
rejects trend stationarity above 0.146. The common ADF candidate window contains 24 regression 
observations; PP and KPSS bandwidths are three. ONI and TNA enter as controls.

Of the 21 lag–prior specifications, all pass the six global residual checks, 15 also pass 
the equation-level checks, and 10 are stable positive-lag candidates. Among the latter, 
BVARX(1) with λ1  = 5 has the lowest combined normalized RMSE (1.3449) and is retained 
for dynamic inference (Table 4). The no-lag model has the lowest overall RMSE (1.0429), 
while the tighter one-lag global screen alternative scores 1.1036. The no-lag model therefore 
remains the predictive benchmark, and the selected positive-lag model provides the basis 
for examining propagation across years. Its smallest equation-level screening probability 
is 0.0524, with a Monte Carlo interval of 0.0462–0.0587, placing its eligibility close to the 
5% threshold.

The selected model has a largest posterior-mean companion root of 0.4699, and 11,779 
out of 12,000 normal–inverse Wishart draws are stable. The minimum effective sample size is 
6178, and the maximum split R-hat is 1.0015. S1 reports the complete lag–prior comparison, 
sampling diagnostics, and parameter counts. The following responses and variance shares 
use this BVARX(1) model and incorporate innovation covariance uncertainty.
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Table 4. Predictive benchmark and leading dynamic specifications.

Role p 𝛌1 ; 𝛌3 RMSE BICeff Minimum p

Predictive 
benchmark 0 — 1.0429 2814.48 0.0520

Global screen 
dynamic 1 0.1 1.1036 2828.00 0.0300

Primary dynamic 1 5 1.3449 2872.45 0.0524
Best strict p = 2 2 1; 2 1.3925 2885.16 0.2653
Best strict p = 3 3 1; 2 1.3806 2894.49 0.1760

All models use 30 responses for 1994–2023. RMSE averages normalized errors across variables and 
expanding/rolling schemes for 2011–2023. Minimum p is the smallest bootstrap equation-level Ljung–
Box probability. λ1  controls overall prior tightness; larger values imply weaker shrinkage. λ3  is 
inoperative at p = 1. The p = 0 model is not a dynamic candidate. BICeff  uses the effective parameter 
count convention in Section 2.4.

3.4. Dynamic Responses and Forecast Variance Shares
In the selected BVARX(1), the clearest cross-variable response is the positive association 

between changes in deforestation and gross LULUCF emissions within the same modeled 
year. The posterior median one standard deviation ΔPRODES innovation is 4186.91 km2 
(95% credible interval: 3218.31–5766.78 km2 ). It represents the unexpected component of 
the annual change in the deforestation rate, conditional on the model. At impact, h = 0, the 
corresponding ΔCO2E response is 115.87 million tCO2 e (56.33–192.20 million; Table 5).

Table 5. Responses to a positive one standard deviation ΔPRODES innovation.

Response Unit Impact, h = 0 One Year, h = 1

ΔPRODES km2 4186.91
[3218.31, 5766.78]

−587.98
[−2654.72, 1332.99]

TEMP °C 0.050
[−0.020, 0.128]

0.014
[−0.063, 0.103]

PREC mm −25.54
[−67.75, 12.27]

−0.02
[−41.19, 42.34]

ΔCO2E million tCO2 e
115.87
[56.33, 192.20]

30.04
[−49.06, 120.08]

ΔAGRO BRL million 2010 1943.89
[−186.29, 4436.43]

645.60
[−1800.14, 3378.88]

Posterior medians with 95% pointwise credible intervals in brackets. Primary BVARX(1), λ1  = 5, 
independent normal–inverse Wishart posterior conditional on stability, 11,779 draws. Impact shock 
size varies with the innovation covariance in each draw.

One year later, the median emissions change response is 30.04 million tCO2 e, with 
a 95% interval of −49.06 to 120.08 million. All subsequent emission response intervals 
through h = 20 also include zero. Figure 3 shows a detectable contemporaneous association 
alongside much less precise subsequent responses, leaving its duration unresolved.

The impact temperature median is 0.050 °C (95% interval: −0.020 to 0.128 °C), and 
the precipitation median is −25.54 mm (−67.75 to 12.27 mm). One year later, the intervals 
remain broad: −0.063 to 0.103 °C for temperature and −41.19 to 42.34 mm for precipitation 
(Table 5). Both signs remain compatible with the estimates at each horizon.

The agricultural value-added change has a positive impact median of constant 2010 BRL 
1943.89 million, with an interval of −186.29 to 4436.43 million. At h = 1, the median is BRL 
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645.60 million (−1800.14 to 3378.88 million). The magnitude and direction of the annual 
agricultural association therefore remain uncertain.

 

Figure 3. Generalized responses to a positive one standard deviation innovation in ΔPRODES under 
the primary BVARX(1). Dark lines are posterior medians, and shaded areas are 95% pointwise 
credible intervals from the normal–inverse Wishart posterior conditional on stability. The dashed 
horizontal line is zero. Impact is h = 0. Emissions and agricultural responses concern annual changes; 
units are native, with emissions expressed in millions.

Deforestation innovations account for a normalized median share of 24.06% of emis-
sion forecast error variance at H = 1 and 22.22% at H = 5, with a five-year interval of 
8.73–33.77% (Table 6). The H = 20 median is 22.26% (8.61–34.03%). The similar shares 
across horizons and sizeable impact-only share show that contemporaneous covariance 
contributes substantially to the variance allocation.

Table 6. Normalized variance shares associated with ΔPRODES innovations (%).

Variable H = 1 H = 5 H = 10 H = 20

TEMP 4.87
[0.02, 16.98]

7.47
[0.65, 20.79]

7.54
[0.66, 21.11]

7.56
[0.66, 21.36]

PREC 4.40
[0.02, 15.68]

7.01
[0.62, 19.61]

7.11
[0.63, 20.21]

7.13
[0.63, 20.52]

ΔCO2E 24.06
[8.86, 34.82]

22.22
[8.73, 33.77]

22.25
[8.62, 33.91]

22.26
[8.61, 34.03]

ΔAGRO 7.53
[0.07, 19.64]

9.51
[0.94, 22.27]

9.60
[0.96, 22.74]

9.61
[0.96, 22.94]

Posterior medians and 95% pointwise credible intervals; primary normal–inverse Wishart posterior 
conditional on stability. H = 1 includes impact only. Shares are normalized within each draw. H = 20 
is a model-dependent long-horizon sensitivity summary.

Across temperature, precipitation, emissions, and agricultural activity, all 80 cross-
variable response intervals at h = 1–20 include zero. At H = 20, the median variance 
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shares for TEMP, PREC, and ΔAGRO are 7.56%, 7.13%, and 9.61%, respectively, with broad 
overlapping intervals (Table 6). The results do not distinguish a most persistent response 
or a clear ordering of the climatic and agricultural variance shares.

3.5. Sensitivity and Complementary Diagnostics
Across 19 sensitivity specifications, all 71 available one-year cross-variable intervals 

contain zero. These comparisons include smaller systems, alternative annual windows, 
removal of TNA or the trend, agricultural accounting controls and transformations, a ter-
ritorial share emissions adjustment, temperature differencing, and an extension through 
2024 without AGRO. They use a fixed innovation covariance, so the covariance uncertainty 
analysis remains the reference for impact intervals. Magnitudes differ across lag and prior 
settings; complete comparisons appear in S1 and S2.

None of the 60 conditional Granger tests survives Holm or Benjamini–Hochberg ad-
justment, and none of the 20 own-ARX stability tests survives Holm adjustment. Thus the 
auxiliary tests provide no multiplicity-adjusted evidence of directional annual predictability 
or own-equation parameter changes. Together with the response intervals, these results 
leave delayed climatic and agricultural associations unresolved.

4. Discussion
4.1. Forest Loss and the Interpretation of Carbon Emissions

The exploratory analyses identify a close relationship between deforestation and gross 
LULUCF emissions that remains visible after transformation, while the broader climatic 
and agricultural configuration changes. The BVARX then locates the clearest forest loss–
emissions association within the same modeled year. Together, these findings show that 
the regional indicators share a detectable annual land conversion signal, whereas their later 
hydroclimatic and agricultural relationships are less precisely resolved. The contribution 
lies in comparing these dimensions within a common temporal framework and quantifying 
the uncertainty surrounding their different response patterns.

The emissions measure helps explain the close contemporaneous relationship. Gross 
LULUCF inventories assign emissions to land transitions using mapped changes and carbon 
stock assumptions. SEEG 13 combines MapBiomas collection 10 transitions and deforesta-
tion/regeneration information [26], linking the inventory to the land change processes 
monitored by PRODES. The estimated 115.87 million tCO2 e response therefore quantifies 
co-movement between forest loss and inventory indicators. Their related land change infor-
mation limits the independence of this evidence, and the model does not identify a causal 
effect of an externally imposed clearance.

Amazonian carbon studies examine several parts of this environmental process. Gatti 
et al. evaluate net land–atmosphere carbon exchange, while Aragão et al. examine drought-
related fires that can offset reductions in deforestation emissions [7,8]. These findings 
place the present gross inventory association within a broader carbon balance involving 
combustion, degradation, uptake, and land cover transitions. Joint monitoring of forest 
loss and inventories can characterize land conversion pressure, while atmospheric and fire 
observations provide information about additional carbon processes.

The emissions association is most clearly resolved at impact, with subsequent intervals 
spanning zero. Its duration consequently remains uncertain at annual regional resolution. 
The normalized emissions variance share of 22.22% at five years summarizes forecast 
uncertainty accumulated from impact onward, including the strong initial covariance. This 
combination—a detectable same-year association and uncertain later responses—defines 
the temporal contribution of the study.
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4.2. Climatic Regulation at Different Spatial and Temporal Scales
The temperature and precipitation intervals leave the magnitude and duration of 

regional annual responses unresolved. Forest–climate relationships documented at other 
scales offer context for this limited precision. Weng et al. show that land use change can 
influence water availability through downwind connections [3]; such connections extend 
beyond administrative boundaries. Leite-Filho et al. find rainfall responses that depend on 
the spatial extent of forest loss, with implications for agricultural revenues [4]. A single 
annual regional average combines these spatially varied interactions.

Spatially resolved observations of warming also measure a different dimension of 
forest–climate interaction [41]. Land surface temperature contrasts, dry season conditions, 
and annual regional 2 m air temperature capture different responses. Regional averaging can 
dilute localized warm or dry anomalies, while annual precipitation totals do not describe 
rainfall timing relative to agricultural demand. These scale differences offer plausible 
explanations for limited aggregate precision, although the mechanisms are not separately 
tested in this model.

For environmental monitoring, the results support combining annual regional in-
dicators with spatially matched forest cover, rainfall, and temperature observations at 
agriculturally relevant seasons. This combination would connect land conversion pressure 
more closely to climatic regulation and local exposure, which remain unresolved in the 
present annual system.

4.3. Agricultural Activity and Ecosystem Service Trade-Offs
Agricultural value added introduces an economic dimension, but its uncertain re-

sponses leave the direction of the annual forest loss–activity relationship unresolved. The 
regional aggregate combines production and changes in activity composition on recently 
converted and previously cleared land. Macedo et al. document a period in which soy 
production increased while deforestation declined in southern Amazonia [11]; studies of 
environmental policy and rural credit likewise show that forest loss responds to economic 
and institutional conditions [9,10]. These findings help explain why agricultural output 
and annual clearing need not move proportionally. Establishing regional decoupling would 
require evidence beyond the imprecise response estimates obtained here.

Agriculture also depends on climatic regulation, which the value-added series does not 
directly measure. The rainfall–revenue relationships examined by Leite-Filho et al. illustrate 
a pathway through which land conversion can influence production [4]. Assessing that 
trade-off requires economic outcomes to be linked to the location, timing, and environmental 
consequences of conversion. The accounting transition and the broader geographic coverage 
of AGRO further limit this comparison in the current dataset.

Spatial scenario studies provide a complementary perspective on these trade-offs. In 
İzmir, Karadeniz et al. combine land cover mapping, MLP–Markov projections, and benefit 
transfer valuation to assess agricultural and urban transformation alongside ecosystem 
service changes [42]. In Fethiye, Karadeniz et al. combine spatial land change modeling with 
InVEST habitat quality under alternative development pathways [43]. These approaches 
examine how the location and configuration of conversion shape ecological outcomes. 
Combined with historical evidence on annual associations, spatially explicit analyses can 
connect regional change to particular landscapes and services. Their numerical findings 
remain specific to their study regions and scenario assumptions.

4.4. Scope and Limitations
This study assesses relationships among forest loss, emissions, hydroclimate, and 

agricultural activity at the regional annual scale. Aggregation may obscure local differences 
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and seasonal processes. Comparability across indicators is affected by geographic coverage, 
observation windows, and the agricultural accounting transition. Related land change 
information underlying PRODES and the emissions inventory also informs the interpretation 
of their contemporaneous association.

The common sample of 30 annual observations limits the precision of delayed re-
sponses, and the no-lag benchmark provides better conditional forecasts than the selected 
dynamic model. Sensitivity analyses assess several data and specification choices, while 
posterior intervals remain conditional on the selected model and stability restriction. The 
estimates therefore characterize regional co-movement, with limited evidence about persis-
tence. Investigating local mechanisms and causal effects requires finer-scale observations 
and identification strategies that address climatic and socioeconomic confounding.

5. Conclusions
The annual regional evidence for 1990–2023 identifies a positive contemporaneous 

association between changes in Amazon deforestation and gross LULUCF emissions. The 
relationship is retained across exploratory transformations and quantified in a dynamic 
model with oceanic climate controls. A one standard deviation deforestation change in-
novation is associated with an emissions change response of 115.87 million tCO2 e (95% 
credible interval: 56.33–192.20 million), reflecting the annual land conversion information 
shared by forest loss and inventory indicators.

The objectives of identifying co-movement and quantifying associated forecast variance 
shares were achieved. The timing and persistence objective was partly achieved: the emis-
sions association is resolved within the same year, while subsequent emissions, temperature, 
precipitation, and agricultural responses remain too uncertain to establish their direction 
or duration. The normalized emissions variance share is 22.22% at five years, with a 95% 
interval of 8.73–33.77%; it includes the contemporaneous contribution.

The environmental contribution is a common assessment of the annual relationships 
linking forest loss, emissions, hydroclimate, and agricultural activity showing where re-
gional monitoring provides a clear signal and where additional resolution is needed. The 
findings support joint tracking of deforestation and gross emissions, complemented by 
spatial and seasonal climate and agricultural observations to assess climatic regulation and 
vulnerability. Such integration can better connect regional land conversion indicators to the 
environmental conditions supporting agricultural production.
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www.mdpi.com/article/10.3390/earth7060179/s1, S1, Supplementary Methods and Results contains 
extraction details, complete model comparison summaries, selected lag–prior response comparisons, 
and stability and specification sensitivity results. S2, Data and Code contains the analytical datasets, 
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