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Transitory sustainability effects of behavioral changes:  

Short-term benefits of COVID-19 lockdowns reversed over time, resulting in more forest 

fires in the Amazon 

 

 

Abstract 

To control the COVID-19 pandemic, governments worldwide deployed unprecedented policies. 

Mandatory lockdowns, mobility restrictions, and calls for social distancing and voluntary 

individual constraints were among the key interventions to reduce exposure risks. The resulting 

global reductions in human mobility constitute a massive natural experiment on whether and 

how changes in human activities affect natural ecosystems and sustainability. This analysis 

focuses on the relationship between human activities and tropical forest fires. Human activities 

contribute to forest fires, both directly and indirectly, threatening ecological, environmental, and 

climatic stability, as well as human health. Prior research of the effects of lockdowns on forest 

fires uses proxies for changes in human activities, e.g., covid cases and official lockdown dates. 

Our analysis relies, instead, on a direct indicator of human activity levels- the human mobility 

rate- to model the relationship between fires and reduced mobility and examine how fires 

patterns changed in Amazon basin countries during the initial COVID-19 lockdown in March 

2020 and thereafter. Our analysis reveals that constraining human mobility significantly reduced 

forest fires in the Amazon regions of Bolivia, Brazil, Colombia, Ecuador, and Brazil during a 

brief initial period, but the effects dissipated after 30 days. After 60 days, the number of fires was 

higher than previous years’ average, controlling for environmental conditions. The unintended 

sustainability effects of behavioral changes after COVID-19 were short-lived and we document a 

compensatory effect that resulted in higher fire incidence. By highlighting how rapidly societies 

returned to business-as-usual practices, our analysis points towards the need for durable 

institutional and policy changes for effective shifts in human behaviors towards longer-term 

sustainability outcomes.  

 

 



Introduction 

Many human activities are associated with ecosystem degradation worldwide. Slowing and 

reversing negative ecosystem changes requires long-term collective shifts in human actions over 

large spatial and temporal scales.1–3 But understanding the relationship between behavior change 

and environmental outcomes is challenging. It is challenging not only because of difficulties that 

confront efforts to change individual behaviors1,4–6, but also because of the complexity of 

behavior- sustainability relationships. These complexities bedevil attempts to disentangle and 

detect the magnitude and effectiveness of behavior changes2,3. In early 2020, the highly 

contagious coronavirus 2019 (COVID-19) spread across the world, leading to a global 

pandemic7. To date, millions of people have died, and hundreds of millions have been infected8. 

Governments worldwide implemented lockdown policies or stay-at-home orders to slow the 

spread of COVID-19. Residents limited their activities-either because of mandates or 

voluntarily-to reduce the risk of exposure to the virus. Human behavioral changes led to a 

dramatic decline in human mobility at a global scale9. This event offers a unique opportunity to 

examine how changes in human activities affect the environment. Our analysis aims to examine 

how a recent massive, tragic, and unintended natural experiment affecting human mobility levels 

– the global COVID-19 pandemic and lockdowns – affected forest fires across countries in the 

Amazon Basin. 

 

Much available research suggests that reduced human activity levels have had positive effects in 

terms of lower air pollution, better water quality, and improvement in wildlife habitat10–12. 

Impacts of reduced human mobility, other research suggests, have also meant fewer forest fires 

of anthropogenic origin13,14. These studies of specific locations and short-term effects do not, 

however, show whether COVID-19 has led to durable behavioral changes in the absence of 

supportive longer-term institutional and policy shifts, nor whether the environmental effects of 

behavioral changes are broad-based and durable. Our analysis examines Amazon-basin wide 

effects of COVID-19 on forest fires in both the immediate (measured in days) and longer term 

(measured in months) to assess the extent and durability of the environmental effects of COVID-

19-induced changes in human behaviors. 

 



Climate change and human activities are the two key drivers of forest fires15,16. Available 

research shows that most forest fires are the result of direct or indirect human activities16–19. 

Anthropogenic forest fires threaten ecological, environmental, and climatic stability, social 

wellbeing, and human health20–23. Understanding the influence of human behavioral changes on 

the incidence of forest fires is critical to a deeper understanding of risks to natural and human 

systems, and indeed of the relationship between behavioral shifts and environmental outcomes 

more generally. A growing body of research on the environmental effects of the COVID-19 

lockdowns on forest fires in different regions of the world - Southeastern United States, Nepal, 

and Colombia – identifies contradictory results: COVID lockdowns have led to both increases 

and decreases in forest fires in different countries13,14,24. These contrasting results mean that the 

actual effects of constrained mobility on forest fires are unclear, which maybe because of 

location-specific factors. Two other factors may also be in play. One, existing studies typically 

rely on indirect measures of human mobility rate (e.g., approximate official lockdown date or 

number of COVID cases), and not actually account of human activity. Two, these studies tend to 

investigate effects of lockdowns during a specific time period. They do not examine how the 

passage of time after lockdowns affects patterns of forest fires, nor do they focus on the effects 

of reduction in mobility levels over time.  

 

Using direct measures of human mobility is important because direct measurement avoids data 

noise, allowing more accurate estimation of the relationships being investigated. Indirect 

indicators may fail to represent actual changes in mobility levels or variations over time and 

space, leading to contradictory results in different places. In addition, incorporating how 

intertemporal changes in behavior affect environmental outcomes helps disentangle whether 

behaviors are durably related to environmental outcomes. The “recovery rate” of an outcome 

such as human-ignited fires can help us understand the propensity of patterns of social 

interactions and their outcomes to return to business-as-usual levels, without meaningful policy 

changes that affect the structural root causes of environmental outcomes.  

 

The Amazon rainforest and forest fires 

The Amazon rainforest, as the largest forest in the world, plays a critical role in maintaining 

global biodiversity, regulating global climate, and mitigating global climate change25–27. 



Deforestation, forest fires, drought, and climate change are major threats to the Amazon 

rainforest and its ecosystem functions26–29. Although deforestation rates have declined in the 

Brazilian Amazon since 2000, fires have actually increased in 59% of the areas that have 

experienced reduced deforestation rates30,31. Lack of monitoring and surveillance, largely 

because of budget cuts for government agencies that enforce environmental protection laws, 

have encouraged the use of anthropogenic fire to clear forests for pasture31,32. 

 

After COVID-19 hit the Amazon countries, more than one million incidents of forest fires 

occurred in Bolivia, Brazil, Colombia, Ecuador, and Peru33(see Fig. 1a). High density of fires 

was observed in Colombia, the border of Brazil and Bolivia, and northern Brazil. Colombia is the 

only country among the five with most of its forestland located in the Northern hemisphere. The 

fire pattern in Colombia is in line with its historical seasonal trend, which peaks in March. 

However, a high density of fires on the Brazil-Bolivia border is unusual, given that March to 

May is historically the season with the lowest number of forest fires. (See Fig. 1b, and 

Supplementary Information Fig. S1 for historical forest fire patterns in the Amazon countries). 

Also unusual is the pattern in Northern Brazil, with far fewer fires in 2020 than in the previous 

years (Fig. 1).  



 

Figure 1 Forest fire hotspot density heat map (density ranging 0-1), a) pattern of forest fires 

between the lockdown date (state-specific ~March 15th) to May 31st of 2020; b) pattern of forest 

fires for the same period of time, average from 2012 to 2019, The hotspot heat map displays the 

relative density of fire incidents. Credits: Esri, NOAA, USGS 

 

To study the association between forest fires and human mobility, we utilized near real-time 

forest fire data from the Visible Infrared Imaging Radiometer Suite (VIIRS) dataset33 and daily 

human mobility data from the Google COVID-19 Community Mobility Report9. The availability 

of fine temporal resolution mobility data presents the opportunity to link forest fires and human 

activity levels directly and estimate rates of recovery of fire incidence. We identified the 

lockdown date as the date that residential mobility rates increased dramatically (as people 



increased the duration of staying home to limit their exposure to other locations, see 

Supplementary Information Fig. S2 as an example). We obtained the number of near-real time 

forest fires after the lockdown date in 2020, aggregated to daily resolution, for each state in each 

of the five Amazon countries (Bolivia, Brazil, Colombia, Ecuador, and Peru). We compare fire 

incidence in the post-pandemic lockdown period with fire incidence during the same period for 

the years from 2012 to 2019, the longest time series for which VIIRS dataset are available (see 

Methods section for details on the data and methods used). Using a Bayesian mixed effect 

model, we analyzed the incidence of forest fires in relation to lockdown, controlling for 

precipitation, temperature, land use patterns, elevation, hemisphere, country (as a fixed effect), 

population density, and took into consideration the spatial and temporal autocorrelation of the 

forest fires. We included a time effect in the model to understand how lockdowns affected 

change in forest fires over time. Our analysis allows us: 1) to link human mobility directly to 

forest fires; 2) to assess how temporal patterns of forest fires mimic or vary across countries; and 

3) to quantify the rate of recovery (or the diminishing effect of the lockdown) in time. 

Addressing these issues not only provides a clear picture of how restricted human activities 

during the COVID-19 lockdowns affected the forest fires in the Amazon Basin, but also allows 

insights into the longer-term relationship between human behavioral and environmental changes. 

 

Results 

After taking environmental conditions into account, we found that lockdowns reduced forest fires 

immediately from the first day up to 29 days into the lockdown in all five Amazon countries. 

However, the effect dissipated over time, despite the residential mobility rate (the percentage 

change in duration of people staying at home, compared to pre-COVID baseline) remaining stable 

for 60 days9. It took 30 days for the Amazon countries to go back to the Business-As-Usual pattern. 

Furthermore, after 30 days, the total number of forest fires in the five Amazon countries surpassed 

the 2012-2019 average in all countries except for Ecuador (see Fig. 2, see also Supplementary 

Information Table S1 for the Model outputs). This means although people dramatically increase 

their time staying home, they resumed some of the essential activities, after 30 days. 



 

Figure 2 Lockdown and Fire Change in Amazon Countries shown at the state level.  

Estimated change in total number of fires per thousand square kilometers due to lockdown by 

state, 2020 in comparison with 2012-2019 averages after accounting for environmental 

conditions, 1, 7, 15, 30, 45, and 60 days from the first day of lockdown (around March 15). 

Significant level of the fire change is shown in Figure 3. 

 

In total, the Amazon region had -0.11 fewer fire incidents per thousand square kilometers, 15 days 

from the first day of lockdown in 2020 compared to 2012-2019 (see Fig. 3). This means a total of 

7,769.5 fewer fires, compared to the previous years. The number of forest fire incidents remained 

lower than in 2012-2019, until 30 days into lockdown. As the effect of lockdown dissipated, forest 

fires in Amazon increased 3.8 times or by 3.13 incidents per thousand square kilometers, 60 days 

into lockdown in 2020, compared to the mean between 2012 and 2019, which cannot be explained 

by the weather conditions of that year. This means a total of 230,858.8 more fire incidents, 

compared to the average of previous years in Amazon (61,027.5 fire incidents). Colombia and 

Bolivia had the highest increase by 5.62 and 5.18 fire incidents per thousand square kilometers in 

60 days, respectively, compared to previous years’ averages (3.29 and 0.57). Brazil had 2.99 more 



fire incidents per thousand square kilometers in 60 days with respect to the 2012-2019 average 

(0.64 forest fires per thousand square kilometers). Brazil’s total number of forest fires increased 

by 152,622.2 in 60 days with respect to the 2012-2019 average (32,631.5 forest fires) after 

accounting for environmental conditions that year, making it the largest increase in the total 

number of fires among the five countries (Fig. 3). Ecuador experienced a decrease in forest fires 

throughout the lockdown (Fig. 2 and Fig. 3). Bolivia stands out as the only country where the total 

number of forest fires increased throughout the lockdown (Fig. 2 and Fig. 3), specially near the 

Bolivia and Brazil border (Fig. 1 and Fig. 2).   

 

 

Figure 3. Differences in the accumulated number of Fires per 1000 square kilometers 

(estimated) due to lockdown between 2020 and the 2012-2019 average by country. Solid 

circles indicate the 95%CI does not overlap with zero, a significant difference, open circles 

indicate no difference. 

 

Discussion 

We apply a Bayesian mixed effect model with spatiotemporal autocorrelation to analyze the 

relationship between constrained human mobility and forest fire patterns, controlling for a host 

of confounding variables that also affect the incidence of forest fires. By directly linking human 

mobility with forest fire patterns, our study limits data noises, yielding more accurate estimates 

of the link between human mobility and forest fires. By conducting a multi-country analysis, our 



study also reveals how changes in fire patterns, in response to constrained human mobility 

resemble or vary across countries. And, by including time effects in the model, we were able to 

detect how the effect of reduced human mobility on incidence of forest fires pattern changed 

over time. Overall, our analyses show that constrained human mobility had an immediate effect 

decreasing forest fires from the first day of lockdown in the Amazon basin. But fire incidence 

rebounded to historical values in 30 days, and surpassed the historical values by 3.8 times or 

230,858.8 more fire incidents in total, 60 days from the first day of lockdown. Understanding 

this “recovery rate” and end results is critical to assess the present and future risks imposed by 

human activities on forest ecosystems. We also document how the effect of lockdowns varied 

across countries.  

 

A key lesson from our study is that extraordinary changes in human behaviors are difficult to 

sustain – with important implications for sustainability challenges that depend on human 

behaviors as also for calls that emphasize behavioral change as a mean for sustainability 

transitions. Even the risk to life that a pandemic poses only led to short-term changes in 

behaviors and in the relationship between behavior and environmental outcomes. Sudden 

restrictions in human mobility reduced forest fires rapidly but the incidence of fires rebounded to 

average levels of previous years in 30 days and surpassed them after 30 days. The ultimately 

negative effect of constrained human mobility is likely context specific, but may partially be a 

result of increases in illegal logging and illegal clearing of forestlands through burning because 

of gaps in law enforcement associated with the pandemic24,34,35. This rapid recovery and the 

ultimate increase in the incidence of forest fires illustrates not only how societies readily rebound 

after a disturbance but also how the rebound may result in an even higher negative impact on 

ecosystems. Understanding the contribution, and magnitude of constrained human mobility on 

forest fires is critical for assessing the risks these ecosystems are facing due to human activities. 

More generally, our findings situate earlier claims about the relationship between COVID-19 and 

environmental outcomes in a longer time frame and show that assertions of positive outcomes 

may be based on temporally truncated data. 

 

Studies investigating the effects of COVID-19 lockdown’s impact on other environmental 

outcomes, even when they do not explicitly incorporate temporal dynamics, report findings 



consistent with our analysis11,36–47. A number of studies that do not specify a time-effect in the 

model, report reductions in air and water pollution when they cover a short time frame (< 4 

weeks)11,36–41. But studies that include data over a longer time frame have shown diminishing or 

mixed results, depending on the geographic locations and/or the type of pollutants42–47. These 

results suggest that constraining human mobility and activities reduces negative anthropogenic 

effects on ecosystems initially, but that these improved environmental outcomes could not be 

sustained without longer-term institutional changes directed explicitly at improved sustainability 

outcomes. In addition, weakened monitoring during pandemic could have also increased illegal 

activities that contributed to negative outcomes, e.g., increase pollution35.  

 

A limited number of studies have shown the waning effect over time of the conventional 

interventions, like normative messaging and voluntary incentive program48–50. Moreover, our 

study shows that even under a life-threatening event such as a global pandemic human 

behavioral changes are short-lasting and only induced short-term environmental improvements. 

For more persistent and durable improvements in environmental outcomes, policy and 

governance interventions are likely necessary. Interventions that address the structural roots of 

the relationships between human behaviors and environmental outcomes may hold greater 

promise for sustainability transitions. 

 

Data and Method 

Data 

We obtained the forest fires, climate, land use, elevation, hemisphere, and population data through 

publicly accessible databases33,51,52 and prepared them on a per country state level. We used the 

number of forest fire incidents 7, 15, 30, 45, and 60 days after the de facto lockdown date9 as the 

response variable. We stacked the data into different time periods and included a variable named 

“period” to understand the association of lockdown and forest fire change over time. The “period” 

variable indicates whether the response variable and the explanatory variables, whenever available, 

are generated in 7, 15, 30, 45, or 60 days. We specified whether a lockdown took place in the state 

by a variable named “lockdown”. In other words, this variable indicates whether the forest fires 

occurred in 2020 (coded as 1) or in 2012-2019 (coded as 0). By having the “lockdown” variable, 

we were able to detect whether there was a statistically significant difference between the number 



of forest fire incidents after the lockdown date in 2020 and the number of forest fire incidents in 

the same period in 2012-2019. We included the number of forest fire incidents before the 

lockdown, precipitation, temperature, percentage forest land, percentage cereal cropland, 

percentage economic tree coverage, population density, hemisphere, elevation, and country as the 

control variables (see Supplementary Information Table S2 for descriptions and summary statistics 

for all variables).  

 

Proxies such as population density, road density, land use patterns, unemployment rate, number of 

COVID cases, and approximate lockdown de jure date are used to detect the association between 

human activities and forest fires13–15,24,53,54. In our analysis, we use mobility rate as the direct 

measurement of human activities. We defined the lockdown date by the date that household 

residential mobility rates9 increased dramatically and stayed relatively stable for each of the states 

in March. The Google COVID-19 mobility data provides mobility data at residential area, grocery 

and pharmacy, transit stations, retail and recreation, workplaces, and parks9. We chose residential 

mobility rates over the other categories because residential mobility rate is more exclusive than 

the mobility rates at grocery and pharmacy, transit stations, retail and recreation, or workplaces. 

We considered the mobility rate at the park area as not a good indicator to measure people’s 

mobility in relation to forest areas during lockdown because the parks category presents mobility 

data within national parks. As we know, national parks include not only forests, but also other 

terrestrial or marine areas and national parks cover less than half of the Amazon forests55.  

 

Analytical Method 

People-centric models, agent-based models, econometric models, and physic-centric models are 

the major approaches applied to study human and forest fire interactions13,14,16,24,56–59. Rooting in 

specific disciplines, each approaches address different scales and questions. Creating a single 

model that integrates all aspects is difficult yet coupling approaches could enhance the model 

accuracy and improve our understanding of the forest fire regime59. In our study, we adopt an 

econometric model approach to understand the association between lockdown and forest fire 

incidents, with a number of climate, land coverage, and socioeconomic variables under 

controlled. Furthermore, we also incorporate spatiotemporal autocorrelations, the concepts that 

are more common in the agent-based models but less so in the econometric models, as random 



effects. The inclusion of spatiotemporal autocorrelation has greatly improved the model 

performance (see Table S3 in Supplementary Information on comparison of models with and 

without spatiotemporal autocorrelation). To be more specific, we applied a Bayesian mixed 

effects model with spatial (at state level) and temporal autocorrelations60,61 to analyze the data. 

For each state s within each country c we analyzed the number of forest fires after lockdown, 

attributed to changes in mobility, FF.AFTs,t as: 𝐹𝐹𝐹𝐹.𝐴𝐴𝐹𝐹𝐴𝐴𝑠𝑠,𝑡𝑡 ∼ 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝜇𝜇𝑠𝑠,𝑡𝑡)    (1) 

where, 𝑙𝑙𝑃𝑃𝑙𝑙  �𝜇𝜇𝑠𝑠,𝑡𝑡�  =  𝛼𝛼𝑠𝑠 +  𝛽𝛽1𝑠𝑠𝑙𝑙𝑃𝑃𝑙𝑙𝑙𝑙.𝑑𝑑𝑃𝑃𝑑𝑑𝑃𝑃𝑠𝑠,𝑐𝑐 + 𝛽𝛽2𝑠𝑠𝑓𝑓𝑃𝑃𝑓𝑓𝑓𝑓. 𝑏𝑏𝑓𝑓𝑓𝑓𝑠𝑠 + 𝛽𝛽3𝑠𝑠𝑝𝑝𝑓𝑓𝑓𝑓𝑙𝑙𝑠𝑠 + 𝛽𝛽4𝑠𝑠𝑡𝑡𝑓𝑓𝑡𝑡𝑝𝑝𝑠𝑠 + 𝛽𝛽5𝑠𝑠𝑓𝑓𝑃𝑃𝑓𝑓𝑓𝑓𝑃𝑃𝑡𝑡𝑠𝑠
+ 𝛽𝛽6𝑠𝑠𝑙𝑙𝑓𝑓𝑃𝑃𝑝𝑝𝑠𝑠 + 𝛽𝛽7𝑠𝑠𝑓𝑓𝑙𝑙𝑃𝑃𝑃𝑃. 𝑡𝑡𝑓𝑓𝑓𝑓𝑓𝑓𝑠𝑠 + 𝛽𝛽8𝑠𝑠𝑝𝑝𝑃𝑃𝑝𝑝.𝑑𝑑𝑓𝑓𝑃𝑃𝑠𝑠 + 𝛽𝛽9𝑠𝑠ℎ𝑓𝑓𝑡𝑡𝑃𝑃𝑃𝑃.𝑃𝑃𝑃𝑃𝑓𝑓𝑡𝑡ℎ𝑠𝑠
+ 𝛽𝛽10𝑠𝑠ℎ𝑓𝑓𝑡𝑡𝑃𝑃𝑃𝑃. 𝑃𝑃𝑃𝑃𝑠𝑠𝑡𝑡ℎ𝑠𝑠 + 𝛽𝛽11𝑠𝑠𝑓𝑓𝑙𝑙𝑓𝑓𝑒𝑒𝑒𝑒𝑡𝑡𝑃𝑃𝑃𝑃𝑃𝑃𝑠𝑠 + 𝛽𝛽12𝑠𝑠𝑝𝑝𝑓𝑓𝑓𝑓𝑃𝑃𝑃𝑃𝑑𝑑𝑠𝑠2
+ 𝛽𝛽13𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐶𝐶𝑃𝑃𝑠𝑠𝑃𝑃𝑡𝑡𝑓𝑓𝑦𝑦𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 + 𝛽𝛽14𝐶𝐶𝐶𝐶𝐵𝐵𝐶𝐶𝐶𝐶𝐶𝐶𝐵𝐵𝐵𝐵𝐶𝐶𝑃𝑃𝑠𝑠𝑃𝑃𝑡𝑡𝑓𝑓𝑦𝑦𝐶𝐶𝐶𝐶𝐵𝐵𝐶𝐶𝐶𝐶𝐶𝐶𝐵𝐵𝐵𝐵
+ 𝛽𝛽15𝐸𝐸𝑐𝑐𝐸𝐸𝐵𝐵𝐸𝐸𝐶𝐶𝐵𝐵𝐶𝐶𝑃𝑃𝑠𝑠𝑃𝑃𝑡𝑡𝑓𝑓𝑦𝑦𝐸𝐸𝑐𝑐𝐸𝐸𝐵𝐵𝐸𝐸𝐶𝐶𝐵𝐵 + 𝛽𝛽16𝑃𝑃𝑃𝑃𝐵𝐵𝐸𝐸𝐶𝐶𝑃𝑃𝑠𝑠𝑃𝑃𝑡𝑡𝑓𝑓𝑦𝑦𝑃𝑃𝑃𝑃𝐵𝐵𝐸𝐸 + 𝑠𝑠𝐵𝐵 + 𝑒𝑒𝐵𝐵 + 𝜑𝜑𝑗𝑗  

 

in which, 𝑠𝑠𝐵𝐵~𝐶𝐶𝐴𝐴𝐶𝐶(𝜎𝜎𝐸𝐸2), 𝑒𝑒𝐵𝐵~𝛮𝛮(0,𝜎𝜎2) and 𝜑𝜑𝑗𝑗   are the temporally autocorrelated random effects 

with 𝜑𝜑1 =0 and 𝜑𝜑𝑗𝑗~𝛮𝛮�𝜑𝜑𝑗𝑗−1,𝜎𝜎𝜑𝜑2� . The CAR spatial random effects are specified 

as (𝑠𝑠𝑘𝑘|𝑠𝑠1, 𝑙𝑙 ≠ 1, 𝜏𝜏𝐸𝐸2)~𝛮𝛮 �𝜌𝜌∑ 𝐸𝐸𝑙𝑙𝑤𝑤𝑘𝑘𝑙𝑙𝑙𝑙∑ 𝑤𝑤𝑘𝑘𝑙𝑙𝑙𝑙 ,
𝜏𝜏𝑢𝑢2∑ 𝑤𝑤𝑘𝑘𝑙𝑙1 � . The neighborhood matrix V allow for localized 

residual spatial autocorrelation by allowing spatially neighboring random effects to be correlated 

(inducing smoothness) or conditionally independent (no smoothing), which is achieved by 

modelling the non-zero elements of V as unknown parameters rather than constants, 𝛼𝛼𝑠𝑠 and 𝛽𝛽𝑙𝑙𝑠𝑠, 
were estimated at the state levels from distributions60,61. All covariates, other than period, are 

standardized for analysis (See Supplementary Information Table S2 for summary statistics for the 

variables included in the analysis). Analysis was run in R, 20,000 iterations burn-in, and run 

100,000 iterations more (thinning = 45) to estimate parameters posterior means, variances, and 

covariances. The setting is determined through Geweke convergence test62.



Reference 

1. Amel, E., Manning, C., Scott, B. & Koger, S. Beyond the roots of human inaction: Fostering 

collective effort toward ecosystem conservation. Science 356, 275–279 (2017). 

2. Nielsen, K. S. et al. Biodiversity conservation as a promising frontier for behavioural science. 

Nat Hum Behav 5, 550–556 (2021). 

3. Selinske, M. J. et al. Revisiting the promise of conservation psychology. Conservation 

Biology 32, 1464–1468 (2018). 

4. Osbaldiston, R. & Sheldon, K. M. Social Dilemmas and Sustainability: Promoting Peoples’ 

Motivation to “Cooperate with the Future”. in Psychology of Sustainable Development (eds. 

Schmuck, P. & Schultz, W. P.) 37–57 (Springer US, 2002). doi:10.1007/978-1-4615-0995-

0_3. 

5. Dietz, T., Ostrom, E. & Stern, P. C. The Struggle to Govern the Commons. Science 302, 

1907–1912 (2003). 

6. Hardin, G. The Tragedy of the Commons. Science 162, 1243–1248 (1968). 

7. WHO Director-General’s opening remarks at the media briefing on COVID-19 - 11 March 

2020. https://www.who.int/director-general/speeches/detail/who-director-general-s-opening-

remarks-at-the-media-briefing-on-covid-19---11-march-2020. 

8. An interactive web-based dashboard to track COVID-19 in real time - The Lancet Infectious 

Diseases. https://www.thelancet.com/journals/laninf/article/PIIS1473-3099(20)30120-

1/fulltext. 

9. Google LLC. Googel COVID-19 Community Mobility Report. 

https://www.google.com/covid19/mobility?hl=en. 

10. Venter, Z. S., Aunan, K., Chowdhury, S. & Lelieveld, J. COVID-19 lockdowns cause 

global air pollution declines. PNAS 117, 18984–18990 (2020). 



11. Yunus, A. P., Masago, Y. & Hijioka, Y. COVID-19 and surface water quality: Improved 

lake water quality during the lockdown. Science of The Total Environment 731, 139012 

(2020). 

12. Bar, H. COVID-19 lockdown: animal life, ecosystem and atmospheric environment. 

Environ Dev Sustain 23, 8161–8178 (2021). 

13. Poulter, B., Freeborn, P. H., Jolly, W. M. & Varner, J. M. COVID-19 lockdowns drive 

decline in active fires in southeastern United States. PNAS 118, (2021). 

14. Paudel, J. Short-run environmental effects of COVID-19: Evidence from forest fires. 

World Development 137, 105120 (2021). 

15. Jain, P., Castellanos-Acuna, D., Coogan, S. C. P., Abatzoglou, J. T. & Flannigan, M. D. 

Observed increases in extreme fire weather driven by atmospheric humidity and temperature. 

Nat. Clim. Chang. 1–8 (2021) doi:10.1038/s41558-021-01224-1. 

16. Ward, D. S., Shevliakova, E., Malyshev, S. & Rabin, S. Trends and Variability of Global 

Fire Emissions Due To Historical Anthropogenic Activities. Global Biogeochemical Cycles 

32, 122–142 (2018). 

17. Ganteaume, A. et al. A Review of the Main Driving Factors of Forest Fire Ignition Over 

Europe. Environmental Management 51, 651–662 (2013). 

18. Balch, J. K. et al. Human-started wildfires expand the fire niche across the United States. 

Proc Natl Acad Sci USA 114, 2946–2951 (2017). 

19. Archibald, S. Managing the human component of fire regimes: lessons from Africa. Phil. 

Trans. R. Soc. B 371, 20150346 (2016). 

20. Feng, X. et al. How deregulation, drought and increasing fire impact Amazonian 

biodiversity. Nature 597, 516–521 (2021). 



21. Liu, Z., Ballantyne, A. P. & Cooper, L. A. Biophysical feedback of global forest fires on 

surface temperature. Nat Commun 10, 214 (2019). 

22. Yue, X. & Unger, N. Fire air pollution reduces global terrestrial productivity. Nat 

Commun 9, 5413 (2018). 

23. Requia, W. J., Amini, H., Mukherjee, R., Gold, D. R. & Schwartz, J. D. Health impacts 

of wildfire-related air pollution in Brazil: a nationwide study of more than 2 million hospital 

admissions between 2008 and 2018. Nat Commun 12, 6555 (2021). 

24. Amador-Jiménez, M., Millner, N., Palmer, C., Pennington, R. T. & Sileci, L. The 

Unintended Impact of Colombia’s Covid-19 Lockdown on Forest Fires. Environ Resource 

Econ 76, 1081–1105 (2020). 

25. Fearnside, P. M. Amazon Forest maintenance as a source of environmental services. An. 

Acad. Bras. Ciênc. 80, 101–114 (2008). 

26. de Area Leão Pereira, E. J., de Santana Ribeiro, L. C., da Silva Freitas, L. F. & de Barros 

Pereira, H. B. Brazilian policy and agribusiness damage the Amazon rainforest. Land Use 

Policy 92, 104491 (2020). 

27. Nobre, C. A. & Borma, L. D. S. ‘Tipping points’ for the Amazon forest. Current Opinion 

in Environmental Sustainability 1, 28–36 (2009). 

28. Phillips, O. L. et al. Drought Sensitivity of the Amazon Rainforest. Science 323, 1344–

1347 (2009). 

29. Malhi, Y. et al. Exploring the likelihood and mechanism of a climate-change-induced 

dieback of the Amazon rainforest. PNAS 106, 20610–20615 (2009). 

30. Aragão, L. E. O. C. & Shimabukuro, Y. E. The Incidence of Fire in Amazonian Forests 

with Implications for REDD. Science 328, 1275–1278 (2010). 



31. Morgan, W. T., Darbyshire, E., Spracklen, D. V., Artaxo, P. & Coe, H. Non-deforestation 

drivers of fires are increasingly important sources of aerosol and carbon dioxide emissions 

across Amazonia. Sci Rep 9, 16975 (2019). 

32. Arruda, D., Candido, H. G. & Fonseca, R. Amazon fires threaten Brazil’s agribusiness. 

Science 365, 1387–1387 (2019). 

33. NASA FIRMS. NRT VIIRS 375 m Active Fire product VNP14IMGT. 

doi:10.5067/FIRMS/VIIRS/VNP14IMGT_NRT.002. 

34. Brown, K. The hidden toll of lockdown on rainforests. BBC (2020). 

35. Sharma, A. COVID-19 environmental roll back ‘irrational and irresponsible’: rights 

expert. UN News https://news.un.org/en/story/2020/04/1061772 (2020). 

36. Rodríguez-Urrego, D. & Rodríguez-Urrego, L. Air quality during the COVID-19: PM2.5 

analysis in the 50 most polluted capital cities in the world. Environmental Pollution 266, 

115042 (2020). 

37. Tobías, A. et al. Changes in air quality during the lockdown in Barcelona (Spain) one 

month into the SARS-CoV-2 epidemic. Science of The Total Environment 726, 138540 

(2020). 

38. Nakada, L. Y. K. & Urban, R. C. COVID-19 pandemic: Impacts on the air quality during 

the partial lockdown in São Paulo state, Brazil. Science of The Total Environment 730, 

139087 (2020). 

39. Otmani, A. et al. Impact of Covid-19 lockdown on PM10, SO2 and NO2 concentrations 

in Salé City (Morocco). Science of The Total Environment 735, 139541 (2020). 

40. Mahato, S., Pal, S. & Ghosh, K. G. Effect of lockdown amid COVID-19 pandemic on air 

quality of the megacity Delhi, India. Science of The Total Environment 730, 139086 (2020). 



41. Collivignarelli, M. C. et al. Lockdown for CoViD-2019 in Milan: What are the effects on 

air quality? Science of The Total Environment 732, 139280 (2020). 

42. Bashir, M. F. et al. Correlation between environmental pollution indicators and COVID-

19 pandemic: A brief study in Californian context. Environmental Research 187, 109652 

(2020). 

43. Liu, D. et al. COVID-19 lockdown improved river water quality in China. Science of The 

Total Environment 802, 149585 (2022). 

44. Wetz, M. S., Powers, N. C., Turner, J. W. & Huang, Y. No widespread signature of the 

COVID-19 quarantine period on water quality across a spectrum of coastal systems in the 

United States of America. Science of The Total Environment 807, 150825 (2022). 

45. Tokatlı, C. & Varol, M. Impact of the COVID-19 lockdown period on surface water 

quality in the Meriç-Ergene River Basin, Northwest Turkey. Environmental Research 197, 

111051 (2021). 

46. Pant, R. R. et al. Imprints of COVID-19 lockdown on the surface water quality of 

Bagmati river basin, Nepal. Journal of Environmental Management 289, 112522 (2021). 

47. Qiao, X. et al. Surface water quality in the upstream-most megacity of the Yangtze River 

Basin (Chengdu): 2000–2019 trends, the COVID-19 lockdown effects, and water governance 

implications. Environmental and Sustainability Indicators 10, 100118 (2021). 

48. Bernedo, M., Ferraro, P. J. & Price, M. The Persistent Impacts of Norm-Based 

Messaging and Their Implications for Water Conservation. J Consum Policy 37, 437–452 

(2014). 



49. Ferraro, P. J. & Price, M. K. Using Nonpecuniary Strategies to Influence Behavior: 

Evidence from a Large-Scale Field Experiment. The Review of Economics and Statistics 95, 

64–73 (2013). 

50. Dayer, A. A., Lutter, S. H., Sesser, K. A., Hickey, C. M. & Gardali, T. Private 

Landowner Conservation Behavior Following Participation in Voluntary Incentive Programs: 

Recommendations to Facilitate Behavioral Persistence. Conservation Letters 11, e12394 

(2018). 

51. Friedl,  Mark & Sulla-Menashe,  Damien. MCD12Q1 MODIS/Terra+Aqua Land Cover 

Type Yearly L3 Global 500m SIN Grid V006. (2019) doi:10.5067/MODIS/MCD12Q1.006. 

52. Center For International Earth Science Information Network-CIESIN-Columbia 

University. Gridded Population of the World, Version 4 (GPWv4): Population Count, 

Revision 11. (2018) doi:10.7927/H4JW8BX5. 

53. Hawbaker, T. J. et al. Human and biophysical influences on fire occurrence in the United 

States. Ecological Applications 23, 565–582 (2013). 

54. Bistinas, I. et al. Relationships between Human Population Density and Burned Area at 

Continental and Global Scales. PLOS ONE 8, e81188 (2013). 

55. Washington, D.C.:The World Bank. World development indicators. 

56. Hulse, D. et al. Anticipating surprise: Using agent-based alternative futures simulation 

modeling to identify and map surprising fires in the Willamette Valley, Oregon USA. 

Landscape and Urban Planning 156, 26–43 (2016). 

57. Barros, A. et al. Spatiotemporal dynamics of simulated wildfire, forest management, and 

forest succession in central Oregon, USA. Ecology and Society 22, (2017). 



58. Spies, T. A. et al. Using an agent-based model to examine forest management outcomes 

in a fire-prone landscape in Oregon, USA. Ecology and Society 22, (2017). 

59. Ford, A. E. S. et al. Modelling Human-Fire Interactions: Combining Alternative 

Perspectives and Approaches. Frontiers in Environmental Science 9, 418 (2021). 

60. Lee, D. CARBayes: an R package for Bayesian spatial modeling with conditional 

autoregressive priors. Journal of Statistical Software 55, 1–24 (2013). 

61. Lee, D., Rushworth, A. & Napier, G. Spatio-Temporal Areal Unit Modeling in R with 

Conditional Autoregressive Priors Using the CARBayesST Package. Journal of Statistical 

Software 84, 1–39 (2018). 

62. Geweke, J. Evaluating the Accuracy of Sampling-Based Approaches to the Calculation of 

Posterior Moments. in In Bayesian Statistics 169–193 (University Press, 1992). 

 



Supplementary Information 

 

Contents of Supplementary Information 

1. Historical forest fire patterns in Amazon countries 

2. Example: residential area mobility rate change in Cochabamba, Bolivia 

3. Descriptive statistics 

4. Results from the Bayesian Mixed Effects Model with Spatiotemporal Autocorrelation 

5. Comparison of Bayesian models of the same data structure with and without 

spatiotemporal autocorrelation 



Figure S1 Forest Fire Patterns in Amazon Countries 

 



 





Figure S2 Example: residential area mobility rates in Cochabamba, Bolivia 

 



Table S2 Result: Bayesian Mixed Effects Model with Spatiotemporal Autocorrelation. 

Statistically significant covariates are indicated in bold. Statistically significant differences 

between countries are indicated by different letters. 

  Median 2.50% 97.50% Geweke.diag  

     

Lockdown 0.3874 0.2771 0.4466 -4.4 

Forest Fires Before -0.0025 -0.04 0.0227 0.8 

Precipitation -0.8757 -1.0364 -0.7297 -3.8 

Temperature 1.4024 1.3344 1.4677 -0.5 

% Forest 0.4048 0.3479 0.4731 3.1 

% Agriculture Land 0.164 0.0986 0.2142 1.3 

% Economic Tree 0.2987 0.2658 0.3297 -2.1 

Population Density -0.3887 -0.5139 -0.2834 1.8 

Hemisphere North 0.6956 0.5331 0.8614 1.3 

Hemisphere South -0.4675 -0.5289 -0.4128 -3.4 

Elevation 0.7766 0.6802 0.9086 3.5 

Period2 0.0005 0.0005 0.0006 0 

Bolivia (Intercept) 4.0101 3.911 4.1097 a 1.8 

Brazil -0.5991 -0.7167 -0.4097 b -2.6 

Colombia -1.3111 -1.5086 -1.1202 c 0.7 

Ecuador -3.8182 -4.0289 -3.649 d -0.1 

Peru -0.8623 -1.11 -0.6603 bc -1.5 

tau2 1.7243 1.5475 1.9278 1.9 

rho.S 0.95 0.9385 0.9605 -2.4 

rho.T 0.0045 0.0002 0.0223 -0.4 

tau2.w 251.0138 208.0806 304.2529 -2.2 



Table S2 Descriptive Statistics 

Variable Description 
Mean/ 

Percentage 

Standard 

Deviation 

Number of forest fires 

after the lockdown 

A continuous variable measured by the 

total number of fires in 7,15,30,45, and 60 

days after the lockdown date (in 2020) by 

state in 2012-2020 341.4 1196.7 

    

Lockdown 

A dichotomy variable indicates whether 

there was a lockdown in the state, in 

another word, whether the fires occurred 

in 2020 -  

Number of forest fires 

before the lockdown 

A continuous variable measured by the 

total number of fires in 7,15,30,45, and 60 

days before the lockdown date (in 2020) 

by state in 2012-2020 463.0 1416.6 

   

Temperature 

A continuous variable measured by the 

mean temperature (Kelvin) in 7,15,30,45, 

and 60 days before and after the lockdown 

date by state in 2012-2020 295.0 5.3 

   

Precipitation 

A continuous variable measured by the 

mean precipitation(mm/day) in 7,15,30,45, 

and 60 days before and after the lockdown 

date by state in 2012-2020 8.5 6.3 

   

Percentage forest cover 

A continuous variable measured by the 

percentage of forest cover by state in 

2012-2020 65.1 33.3 

   

Percentage agricultural 

land cover 

A continuous variable measured by the 

percentage of agricultural land cover by 

state in 2012-2020 0.5 1.3 

   

Percentage economic 

tree cover 

A continuous variable measured by the 

percentage of economic tree cover by state 

in 2012-2020 1.5 

 

3.6 

   

Population density 

A continuous variable measured by the 

number of residents per squared 

kilometers by state in 2012-2020 158.9 691.3 

    

Hemisphere-North 
A dichotomy variable indicates whether a 

state belongs to the North Hemisphere 25.4 - 



    

Hemisphere-South 
A dichotomy variable indicates whether a 

state belongs to the South Hemisphere 61.9 - 

    

Hemisphere-Equator 
A dichotomy variable indicates whether 

the equator goes through a state 12.7 - 

    

Elevation 
A continuous variable measured by the 

mean elevation (meter) of the state 1125.8 1085.3 

    

Period 

A continuous variable indicates whether 

the response variable is generated in 7, 15, 

30, 45 or 60 days. - - 

    

Country 

A categorical variable indicates whether a 

state belongs to Bolivia, Brazil, Colombia, 

Ecuador or Peru - - 



Table S3 Comparison of Bayesian models of the same data structure with and without 

spatiotemporal autocorrelation 

 

 WAIC 

With spatiotemporal autocorrelation 3.61e+4 

Without spatiotemporal autocorrelation 1.26e+51 

 


