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Abstract 8 Interannual atmospheric CO₂ growth variability reflects changes in land and ocean carbon exchange, but 9 

the role of fluxes from regional disturbances such as fire remains unclear. Here we show that regional 10 

annual fire-carbon anomalies shifted from partial cancellation in 2001–2010 to reinforcement in 2015–11 

2024. Global fire-emission variance increased about seven-fold despite nearly unchanged mean emissions, 12 

with cross-region covariance accounting for 84% of the increase and seasonally separated boreal and 13 

tropical anomalies accounting for 44% of the covariance increase. At the same time, global fire anomalies 14 

became strongly correlated with whole-atmosphere CO₂-growth anomalies (R² from 0.06 to 0.83). 15 

Subtracting fire emissions reduces the year-to-year variance of the atmospheric CO₂ growth rate by 57% 16 

in the recent decade, compared with 6% in the earlier one. More generally, our analysis shows that a 17 

global Earth-system quantity can become far more variable mainly because its regional contributors shift 18 

from cancelling to reinforcing one another, without growing larger individually. 19 

 20 
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The land sink has absorbed about a quarter of anthropogenic CO₂ emissions over recent decades1, and its 21 

year-to-year fluctuations dominate the interannual variability of the atmospheric CO₂ growth rate. This 22 

variability is usually attributed to photosynthesis and respiration responding to temperature, water 23 

availability and large-scale climate modes2–6. Fire is a third process by which ecosystems release carbon to 24 

the atmosphere. It responds to the same climate controls, since the hot and dry conditions that promote 25 

fire also suppress photosynthesis and enhance respiration7,8, but combustion releases carbon within 26 

weeks and in discrete, regionally concentrated episodes. Such episodes, from the 1997–1998 tropical fires 27 

to the recent extreme fire years in Australia, Siberia, Canada and Amazonia, have produced substantial 28 

atmospheric anomalies9–15, yet attribution of growth-rate variability has focused mainly on 29 

photosynthesis and respiration. Global burned area has declined over the satellite era as agricultural 30 

expansion reduced savanna and grassland burning16,17, while rising extratropical forest-fire emissions 31 

have kept total emissions roughly stable and shifted them towards forests18,19. 32 

Regional fire seasons occur at different times of year, so a year’s global fire anomaly depends on whether 33 

seasonally separated regional anomalies reinforce or cancel one another. A large anomaly in one region 34 

can be partly cancelled by below-average burning elsewhere, whereas moderate same-sign anomalies 35 

across several regions can add up to a pronounced global disturbance. We refer to the positive covariation 36 

of annual regional anomalies, in which high- and low-fire years in different regions tend to coincide, as 37 

regional fire synchronization (Fig. 1). Because the variance of a global sum depends on the covariance 38 

among regions as well as on the variance of each region, global fire variability can rise either because 39 

individual regions become more variable or because regions covary more strongly. Ocean–atmosphere 40 

modes are known to synchronize fire across large regions20,21, and days of extreme fire weather 41 

increasingly coincide across broad geographic domains22. Synchronous fire weather does not, however, 42 

imply synchronized carbon emissions, which also depend on fuel, vegetation state, ignition and 43 

management. Whether realized fire-carbon anomalies have become more synchronized across regions, 44 and whether such a change is detectable in the global atmospheric CO₂ record, remain open. 45 
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Here we analyse fire-carbon emissions from the Global Fire Emissions Database23 (GFED) across its 14 46 

basis regions over 2001–2024, the period with direct satellite burned-area observations, and compare the 47 

first and last decades of this record, 2001–2010 and 2015–2024. We find that seasonally separated 48 

regional anomalies, including those of boreal and tropical fires, shifted from cancelling to reinforcing one 49 

another between the two decades. This shift amplified global fire variability despite nearly unchanged 50 

mean emissions and coincided with a pronounced strengthening of the association between global fire 51 

emissions and the whole-atmosphere CO₂ growth rate. 52 

 53 

Figure 1 | Regional fire anomalies and their global atmospheric CO₂ expression. Conceptual 54 

illustration; neither panel is drawn from data. a, Annual fire-carbon anomalies (+, above trend; −, below 55 

trend) for two regions with different fire seasons in two example years, under cancellation and under 56 

reinforcement: opposite signs partly cancel in the global sum, whereas same signs reinforce, so the global 57 

anomaly varies more from year to year (bars). b, The global fire-emission anomaly is compared with the 58 

whole-atmosphere CO₂ growth-rate anomaly; the sketches show the weak correlation expected under 59 

cancellation and the strong correlation expected under reinforcement. 60 

Results 61 

Regional fire anomalies shift from cancellation to reinforcement 62 

Over the satellite burned-area record (2001–2024), global fire emissions became far more variable 63 

between its first and last decades without becoming substantially larger (Fig. 2). Their variance increased 64 
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about seven-fold (Fig. 2c), and the detrended standard deviation over trailing ten-year windows rose from 65 0.14 to 0.36 PgC yr⁻¹, 2.6 times its 2001–2010 value, whereas mean emissions were nearly unchanged 66 

(Fig. 2b). For the detrended annual anomalies 𝐹௥  of the 14 GFED regions, indexed by ݎ and ݏ, the variance 67 

of the global total 𝐹௚ = ∑ 𝐹௥௥  within each ten-year window is 68 

Var(𝐹௚) =∑Var௥ (𝐹௥) +∑Cov௥≠௦ (𝐹௥ , 𝐹௦), 69 

where the first term grows only if individual regions become more variable, and the second is negative 70 

when regional anomalies tend to cancel, zero when they are uncorrelated and positive when they tend to 71 reinforce. Of the 0.111 PgC² yr⁻² increase in Var(𝐹௚), 0.018 PgC² yr⁻² arose from increased variance 72 within individual regions and 0.093 PgC² yr⁻² from covariance among regions; that covariance term 73 reversed sign from −0.034 to +0.058 PgC² yr⁻² and accounted for 84% of the increase in global variance. 74 

Most of the increase therefore came from regional anomalies reinforcing rather than cancelling one 75 

another in the global total. A covariance swap, that is, keeping the 2001–2010 regional variances and 76 

imposing only the 2015–2024 covariance term, would still raise global variance nearly six-fold (Methods). 77 

The shift is visible in the regional anomalies themselves (Fig. 2a). In 2001–2010, positive and negative 78 

regional anomalies frequently cancelled one another in the global sum, and fewer than half of all region 79 

pairs were positively correlated. In 2015–2024, same-sign anomalies more often coincided and reinforced, 80 

and two-thirds of region pairs were positively correlated. Two years illustrate this: in 2022, 13 of the 14 81 

regions burned below their trends, and in 2024, 10 of the 14 burned above them (trends fitted within each 82 

window; Methods). Because regions moved together in both high- and low-fire years, the recent decade 83 

produced larger global anomalies in both directions than the first (Supplementary Note 3). 84 

A major component of this shift was reinforcement between boreal and tropical fire regions (Fig. 2d). 85 

Summed over each group, boreal and tropical detrended annual anomalies went from partial cancellation 86 

in 2001–2010 (r = −0.23) to reinforcement in 2015–2024 (r = +0.48), so their covariance turned from 87 
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negative to positive and alone accounted for 44% of the increase in cross-region covariance. The term 88 

stayed positive when 2023 was removed and when preliminary 2025 data were added (Supplementary 89 

Note 3; Supplementary Table 1). 90 

Most of the reinforcement links fires that burn in different seasons. Boreal Asia burns mainly from April to 91 

July and Southeast Asia from January to April (Supplementary Table 2), so their fire seasons barely 92 

overlap. Yet their annual anomalies went from partly cancelling in 2001–2010 (r = −0.34) to reinforcing in 93 

2015–2024 (r = +0.75). Across all region pairs, emissions in different seasons supplied about 70% of the 94 

recent cross-region covariance (Supplementary Note 1). Regional fire synchronization therefore reflects 95 

seasonally separated emissions being anomalously high or low in the same year, rather than globally 96 

simultaneous burning (Supplementary Fig. 1). 97 

The synchronization is not specific to one dataset or choice of years. It appears in burned area itself 98 

(Supplementary Fig. 2), and the Global Fire Assimilation System (GFAS), an emissions product built from 99 

the heat given off by active fires rather than from burned area, shows the same change in cross-region 100 

covariance (Supplementary Fig. 3). Fire emissions inferred from satellite observations of atmospheric 101 

carbon monoxide (CO) reproduce the regional anomalies and their synchronization over 2019–2024 102 

(Supplementary Note 2; Supplementary Fig. 4b). The recent reinforcement also held for other window 103 

lengths and when individual years were left out. The rise in coherence (the mean correlation across all 104 

region pairs) is less robust: it depended on which periods were compared and is absent in GFAS, where 105 

the reinforcement is concentrated in the regions with the largest year-to-year swings (Supplementary 106 

Notes 1 and 3). 107 
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 108 

Figure 2 | Regional fire anomalies and global fire-carbon variance in the satellite era (2001–2024). 109 

a, Annual fire emissions for the 14 GFED basis regions and their global sum, 2001–2024, each 110 

standardized by its 2001–2024 mean and standard deviation without detrending; the inset identifies the 111 

GFED basis regions (abbreviations in Supplementary Table 2). Positive and negative values denote 112 

emissions above and below the 2001–2024 mean; emissions for 2023–2024 come from the near-real-time 113 

GFED extension. b, Ten-year trailing interannual variability (detrended standard deviation) and mean 114 

global fire emissions, each normalized to its 2001–2010 value; labels give the ratio between the two 115 

windows and, beneath it, the 2001–2010 and 2015–2024 values. Blue and red shading marks the two 116 

comparison windows. c, Global fire-emission variance in 2001–2010 and its increase to 2015–2024, split 117 

into the part from larger variance within individual regions and the part from covariance between regions, 118 

and the resulting 2015–2024 variance. d, Boreal–tropical covariance term in the two comparison 119 

windows, computed from the aggregate detrended annual anomalies of the two boreal regions, Boreal 120 

North America and Boreal Asia, and the seven tropical regions, Central America, Northern and Southern 121 

Hemisphere South America, Northern and Southern Hemisphere Africa, Southeast Asia and Equatorial 122 

Asia; labels give the corresponding correlations. 123 

Atmospheric CO₂ expression of regional fire reinforcement 124 

As regional reinforcement made global fire emissions about seven times more variable, those emissions 125 also came to covary closely with the atmospheric CO₂ growth rate (Fig. 3). We take the growth rate from 126 
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the median of six Global Carbon Budget atmospheric inversions, whose posterior fluxes track the CO₂ 127 

burden of the whole atmosphere1,24,25 (Methods), rather than from the National Oceanic and Atmospheric 128 

Administration (NOAA) marine-boundary-layer record, which reflects surface air at remote marine sites. 129 

The NOAA record nonetheless shows a strengthening of the fire–CO₂ association, although a weaker one 130 

(Supplementary Note 2; Supplementary Fig. 4a). 131 

The detrended fire and growth-rate anomalies were weakly correlated in 2001–2010 (R² = 0.06) but 132 

strongly correlated in 2015–2024 (R² = 0.83; Fig. 3c). The stronger association did not arise from a more 133 

variable atmosphere: the spread of the growth-rate anomalies changed little between the windows, 134 

whereas that of the fire anomalies grew 2.6-fold. In 2015–2024 the two records moved together in both 135 

sign and size: years with larger fire anomalies had proportionally larger growth-rate anomalies (Fig. 3c). 136 

In 2001–2010 even the sign could disagree: 2004, the year of highest fire emissions, had the lowest CO₂ 137 

growth of the window. In 2015–2024 the growth-rate anomalies were larger than the fire anomalies 138 

themselves (Fig. 3c, dashed line), which means that fires occurred within a broader land-carbon response 139 

in which photosynthesis and respiration covaried with combustion, as expected when the same hot, dry 140 

conditions act on all three (Supplementary Note 2B). 141 

Subtracting the direct fire-carbon anomaly from the growth rate reduces its variance by 57% in 2015–142 

2024, compared with 6% in 2001–2010 (Fig. 3d); this reduction exceeds fire’s own share of the growth-143 

rate variance because fire also covaried with the rest of the growth rate (Supplementary Note 2B). Direct 144 

combustion was a substantial part of the growth-rate anomalies: in 2015–2024 the standard deviation of 145 

the fire anomaly was 40% of that of the growth-rate anomaly (Supplementary Table 3B). For the record 146 year 2024, the subtraction lowers the CO₂ growth anomaly, taken relative to a single 2001–2024 trend, 147 

from the largest in the record to the fourth largest (Supplementary Note 2B), consistent with CO-based 148 

analyses of the 2024 Amazon fires15,26. 149 

Preliminary 2025 fire and CO₂ growth-rate data, which entered no fire–CO₂ fit, showed the same 150 association: both fire emissions and CO₂ growth fell below their trends, and the pair lies close to the 151 
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2015–2024 regression line (open squares in Fig. 3; Methods). Further sensitivity tests found a 152 

strengthening in each of the six inversions; the recent association also held for the satellite-derived 153 

growth rate, available from 2015, and when any single 2015–2024 year was omitted (Supplementary 154 

Notes 2 and 3). 155 

 156 

Figure 3 | Fire emissions and the atmospheric CO₂ growth rate. a, Annual GFED fire-carbon emissions. 157 

Open circles mark the near-real-time GFED5NRT values for 2023–2024, and the open square marks the 158 

full-year 2025 total. b, CO₂ growth rate from the median of six Global Carbon Budget atmospheric 159 

inversions for 2001–2024 (black, with the interquartile range in grey) and from satellites for 2015–2024 160 

(teal). The satellite-derived growth rate (GRESO, Growth Rate Estimation from Satellite Observations) is 161 

the mean of the Orbiting Carbon Observatory-2 (OCO-2) and Greenhouse gases Observing SATellite 162 

(GOSAT) estimates (Methods), and the open square is its 2025 value. Shading in a and b marks the 2001–163 

2010 (blue) and 2015–2024 (red) windows. c, Within-window detrended anomalies of fire emissions and 164 

of the inversion-median growth rate for 2001–2010 (blue circles) and 2015–2024 (red diamonds), with 165 

least-squares fits and their R². The dashed one-to-one line marks where the growth-rate anomaly equals 166 

the fire anomaly. The open square is the 2025 pair of GFED5NRT fire and GRESO growth rate, each 167 

relative to its own 2015–2024 trend. d, Variance of the within-window detrended fire, growth-rate and 168 

growth-minus-fire anomalies in each ten-year window. Percentages beside the growth-minus-fire bars 169 

give the reduction in variance relative to the growth rate in the same window (Supplementary Note 2B). 170 

Open squares in a–c mark preliminary 2025 values, which are excluded from the fits in c. 171 



9 

Climate context for regional fire synchronization 172 

Fire synchronization increased alongside a rise in the coherence of regional temperature (Fig. 4a). To 173 

compare fire with climate, we use coherence rather than the covariance term. In their own units, the 174 

cross-region covariances of temperature and vapour pressure deficit (VPD) would weight each region by 175 

how variable its climate is rather than by how variable its fire emissions are. Coherence is proportional to 176 

the covariance term recalculated after each regional series is divided by its own standard deviation 177 

(Methods), so it has no units, weights all region pairs equally and applies in the same way to fire and to 178 

each climate variable. Between 2001–2010 and 2015–2024, temperature coherence rose from about 0.13 179 to 0.36 and fire coherence from −0.03 to +0.15, whereas VPD coherence changed little; of these changes, 180 

only the fire change is statistically significant for these two windows (Supplementary Note 4). Because the 181 

regions burn in different seasons, calendar-year climate need not be what fires respond to, so we also 182 averaged climate over each region’s four-month fire season, and over that season together with the eight 183 

months before it (Methods; Supplementary Note 4). Temperature coherence changed little within the fire 184 

season but rose over the longer window almost as much as at the annual scale, whereas VPD coherence 185 

stayed low under either choice (Fig. 4b). Temperature coherence thus rose as fire coherence did, although 186 

less certainly and with little rise within the fire season itself. We therefore treat the rise in temperature 187 

coherence as context for the fire synchronization rather than as its cause. Our analysis does not isolate a 188 

single shared climate mechanism. 189 

The two decades also sit differently within the record of the El Niño–Southern Oscillation (ENSO) since 190 

1950 (Fig. 4c). By two sea-surface-temperature indices, the Oceanic Niño Index and detrended Niño-3.4, 191 

2001–2010 was a comparatively quiet decade and 2015–2024 among the most variable. The Multivariate 192 

ENSO Index v2 also rises between the two decades, but its recent decade sits near the middle of its shorter 193 

record, which begins in 1979. 194 
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 195 

Figure 4 | Climate context for regional fire synchronization. a, Coherence, defined here as the mean 196 

pairwise cross-region correlation of within-window detrended annual series across the 14 GFED regions, 197 

in ten-year trailing windows for fire emissions, temperature and VPD; shading marks the windows ending 198 

in 2010 (blue) and 2024 (red). b, Change in coherence between 2001–2010 and 2015–2024 for 199 

temperature, VPD and fire. Bars give the change with climate averaged over the calendar year (solid), the 200 

fixed fire season (diagonal hatching) or the fire season and the eight months before it (dotted); fire is 201 

shown for annual and fire-season averaging, and the horizontal line marks no change. c, Ten-year trailing 202 

standard deviation of monthly ENSO indices for windows ending 1959–2024. The Oceanic Niño Index 203 

(ONI; black) and detrended Niño-3.4 (purple) are sea-surface-temperature indices in °C, whereas the 204 

Multivariate ENSO Index v2 (MEI v2; grey dashed; windows ending from 1988) is dimensionless, so 205 

amplitudes are comparable only between the first two; shading as in a. 206 

Discussion 207 

We find that the variance of global fire emissions increased about seven-fold, and we attribute most of this 208 

increase to the rise in cross-region covariance rather than to greater variability within individual regions: 209 



11 

regional anomalies shifted from partial cancellation to reinforcement. This weakening of spatial 210 

cancellation, known to damp land-carbon variability in the global total27, would on its own have made 211 

global fire emissions nearly six times more variable. The shift was especially evident between boreal and 212 

tropical regions despite their different fire seasons, and operated in both directions: most regions burned 213 

above trend in 2024, whereas almost every region burned below trend in 2022, towards the end of the 214 

2020–2023 La Niña28. That deficit, the largest global anomaly of either decade, came from widespread 215 

shortfalls rather than from one or two regions: the largest single regional deficit supplied only about a 216 

fifth of it (Supplementary Note 3). Global fire emissions also came to covary much more closely with 217 atmospheric CO₂ growth. Our results complement evidence of increasingly synchronous extreme fire 218 

weather22 with a related synchronization in realized carbon emissions and its global atmospheric 219 

expression. 220 

The atmospheric response exceeded direct combustion, consistent with fire occurring within a wider 221 

land-carbon response to the same climate anomalies. Studies of the 2015–2016 El Niño found different 222 

tropical continents contributing through fire, reduced uptake and increased respiration29–31, and an 223 

analysis based on satellite-constrained inversions attributed the record 2024 growth rate mainly to 224 

increased ecosystem respiration in grass and shrub lands under hot, wet conditions32. Fire is thus both a 225 

substantial carbon flux and an observable indicator of wider land-carbon disturbance. Its net carbon 226 

consequence also extends beyond the fire year, through post-fire decomposition, suppressed uptake and 227 

regrowth that differ between boreal and tropical fire types33–35. 228 

Shared climate conditions offer a plausible pathway linking fire anomalies across regions and seasons (Fig. 229 

4). One hypothesis is that elevated temperatures before and during the fire season increase evaporative 230 demand (the atmosphere’s drying power, measured here by VPD), which dries fuels and increases the 231 

likelihood of fire occurrence and of rapid fire spread; the same evaporative demand couples fuel dryness 232 

to vegetation carbon exchange8,36,37. In the tropics, large-scale east–west redistribution of rainfall can also 233 

alter live and dead fuel moisture and surface litter, and with them fuel continuity and fire intensity38. 234 
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Because temperature coherence rose over the twelve months ending with the fire season, with little rise 235 

within the season itself, and VPD coherence changed little (Fig. 4b), a synchronizing effect of this pathway 236 

could act through fuel conditions accumulated over that longer window rather than through evaporative 237 

demand that itself became more coherent across regions. A climate field with low coherence can still 238 

influence fire within each region. 239 

ENSO is one candidate organizer of such climate conditions. It drives a cascade of drought and fire, from 240 

the El Niño year into the next, across tropical continents that burn in different seasons21. A decade of large 241 

ENSO swings is a plausible backdrop for regional fire synchronization, although how far ENSO variability 242 

translates into synchronized fire-carbon anomalies depends on regional teleconnections, vegetation, fuel 243 

and management. Concurrent regional droughts are mostly driven by ENSO and are projected to become 244 

more likely with increased ENSO variability and warming39, and extreme tropical drought has been linked 245 to multidecadal changes in CO₂ growth-rate variability40; synchronized fire is one pathway by which such 246 

concurrent drought can be expressed in the atmosphere. The next step is to identify how antecedent 247 

climate, vegetation, fuel, ignition and management combined to make regional fire anomalies reinforce 248 

one another in the recent decade. 249 

Two limitations qualify these results. First, the record establishes a recent reinforcing state, but neither 250 

how it arose nor whether it persists: it shows no steady trend towards the reinforcement and no single 251 

year at which it began (Supplementary Note 3), and a single preliminary year, 2025, cannot establish 252 

persistence. Second, the independent atmospheric check on regional fire emissions, from CO-constrained 253 

inversions, covers only 2019–2024 and retains some dependence on the fire inventories those inversions 254 

start from and on the CO-to-CO₂ conversion, so it tests the recent synchronized state but not the change 255 

between decades (Supplementary Note 2). 256 

The land sink of the global carbon budget is estimated with dynamic global vegetation models of varying 257 

fire representation1. The budget’s year-to-year imbalance (total emissions minus the atmospheric growth 258 

rate and the ocean and land sinks) reflects, in part, variability in land and ocean fluxes that these estimates 259 
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leave unresolved1,24. Emergent constraints on the tropical carbon–climate feedback in Earth-system 260 projections use the sensitivity of interannual CO₂ growth to temperature2, so their reliability also depends 261 on how models represent fire’s contribution to that growth. Models used for both purposes should 262 

therefore reproduce how regional fire anomalies combine into global fluctuations and how climate modes 263 

such as ENSO synchronize burning across continents, as well as mean emissions, burned area and each 264 region’s response to climate41–43. 265 

The regional fire synchronization presented here, and its association with CO₂ growth, need not be 266 

permanent to be consequential: periods in which regional fire anomalies reinforce rather than cancel can 267 

alter global carbon-cycle variability. In years when many regions burn above their trends at once, as in 268 

2024, fire-management demands could also peak in geographically distant regions together, limiting the 269 

scope for sharing response capacity. More broadly, we suggest that interpreting any change in the 270 

variability of a global Earth-system quantity requires asking how its regional components covary, not only 271 

how variable each has become. 272 

 273 
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Methods 274 

Data 275 

Fire-carbon emissions are from the Global Fire Emissions Database version 5.1 (GFED5.1), which provides 276 

monthly gridded emissions and the 14 basis regions used throughout23; the near-real-time extension 277 

GFED5NRT44,45 supplies 2023–2025. GFED5 estimates fire-carbon emissions as the product of satellite 278 

burned area and modelled fuel consumption; we use the total carbon emitted (GFED variable C) rather 279 than a CO₂ estimate obtained with species emission factors, because most non-CO₂ fire carbon is CO, 280 which is oxidized to CO₂ within months. Annual regional emissions are sums over the grid cells of each 281 basis region, in PgC yr⁻¹. 282 

The 2025 value is the full-calendar-year GFED5NRT total and is shown as preliminary. It is excluded from 283 

the main comparison and from every fire–CO₂ fit; its only fitted use is the explicitly labelled annual fire-284 

only sensitivity in Supplementary Note 3 and Supplementary Table 1. We also test synchronization using 285 

GFED burned area17 (Supplementary Note 1 and Supplementary Table 4) and fire-radiative-power-based 286 

emissions from the Global Fire Assimilation System46 (GFAS; Supplementary Note 1 and Supplementary 287 

Figs 3 and 5). 288 

Atmospheric fire constraints come from regional inversions15 of TROPOspheric Monitoring Instrument 289 

(TROPOMI) CO observations over 2019–2024 (Supplementary Table 3), run separately with the Quick 290 

Fire Emissions Dataset (QFED) and GFAS fire priors, whose year-to-year variation comes from satellite 291 

fire radiative power rather than from GFED burned area. Posterior biomass-burning CO emissions are 292 converted to CO₂ emissions as described by Yun et al.15. Agreement between the two runs indicates how 293 

far the recent regional structure depends on the choice of prior. 294 

The CO₂ growth rate used here is the yearwise median of six Global Carbon Budget 2025 atmospheric 295 

inversions that assimilate in situ observations and cover the full record with fixed membership1; the 296 

individual members are named in Supplementary Note 2. Inversions constrain the growth of the whole-297 atmosphere CO₂ burden, whereas the growth rate of the National Oceanic and Atmospheric 298 



15 

Administration (NOAA) is derived from marine-boundary-layer sites, whose growth can differ from that of 299 

the whole atmosphere in individual years25,47; each inversion member and the NOAA growth rate are 300 

analysed as sensitivities (Supplementary Note 2 and Supplementary Fig. 4a), because growth rates 301 

derived from different inversion systems can differ48. GRESO (Growth Rate Estimation from Satellite 302 

Observations), the satellite-derived growth rate in Fig. 3b, follows Pandey et al.47 and is available for 303 

2015–2025. It is the mean of the calendar-year growth rates from column retrievals of the Orbiting 304 

Carbon Observatory-2 (OCO-2 v11.3r), described by Jacobs et al.49, and of the Greenhouse gases Observing 305 SATellite processed with the Atmospheric CO₂ Observations from Space algorithm (GOSAT ACOS v11), 306 described by O’Dell et al.50. Growth rates in ppm yr⁻¹ are converted into PgC yr⁻¹ with the factor of 2.124 307 PgC ppm⁻¹ used by Ballantyne et al.51. 308 

Monthly air temperature and relative humidity are from the National Centers for Environmental 309 

Prediction–National Center for Atmospheric Research (NCEP–NCAR) reanalysis52 (Reanalysis 1). Vapour 310 

pressure deficit (VPD) is computed at each grid cell from monthly-mean temperature and relative 311 

humidity with the saturation vapour pressure formulation of Bolton53, then averaged over each basis 312 

region with area weighting. These temperature and VPD fields provide the annual-mean series of Fig. 4a 313 

and the fire-season and twelve-month series of Fig. 4b. The El Niño–Southern Oscillation (ENSO) is 314 

described by the Oceanic Niño Index and the detrended Niño-3.4 index from the NOAA Climate Prediction 315 

Center and by the Multivariate ENSO Index54,55 (version 2, MEI v2). 316 

Windows, anomalies and statistical conventions 317 

The primary comparison uses two ten-year windows, 2001–2010 and 2015–2024, each with n = 10 318 

annual values; the recent window ends with 2023 and 2024, the two near-real-time GFED years, and 319 

results excluding them are given in Supplementary Notes 1 and 3. Our analysis starts in 2001, the first 320 

complete year of burned-area observations from the Moderate Resolution Imaging Spectroradiometer 321 

(MODIS); earlier GFED years are reconstructed from active-fire detections of earlier sensors and are used 322 

only in the sensitivity tests of Supplementary Note 3 and in the 1999–2011 climatology that fixes each 323 
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region’s fire season (Supplementary Note 4). Regional and global fire emissions, CO₂ growth and regional 324 

climate are all detrended by ordinary least squares within each window separately; anomalies are the 325 residuals from that window’s linear fit. Within-window detrending removes each decade’s trend, so that 326 

the variances, covariances and correlations compared between windows describe year-to-year variability 327 

only. The exceptions are the 2024 ranking in Supplementary Note 2B and the standardized series of 328 Supplementary Fig. 5, which use a single trend over each record’s years within 2001–2024. Trailing ten-329 

year statistics (Figs. 2b and 4a; Supplementary Fig. 2a) apply the same detrending to each ten-year 330 

window ending in the plotted year. Fig. 2a is a display only: each regional and global series is standardized 331 

by its 2001–2024 mean and standard deviation without detrending, so its colours show departures from 332 

the 2001–2024 mean rather than the within-window anomalies used in all statistics. 333 

Sample sizes are the ten annual values of each window; monthly or seasonal values are never counted as 334 

independent observations. Standard deviations and variances are sample estimates, computed with the n 335 − 1 denominator. Coherence, as used here, is the mean pairwise cross-region correlation: the mean of the 336 

91 correlation coefficients between distinct region pairs; the fraction of positively correlated pairs counts 337 

the same 91 pairs. Cross-region covariance and coherence answer different questions. The covariance 338 

term is weighted by regional anomaly amplitude and therefore governs the variance of the global total, 339 

whereas coherence is unweighted and measures how broadly the regions covary; the two can move 340 

differently when the change is concentrated in a few high-variance regions. The two measures are linked: 341 

for series divided by their own within-window standard deviation, the cross-region covariance term 342 

equals 182 times the coherence, because each of the 91 region pairs enters it twice; coherence is therefore 343 

the mean cross-region covariance of standardized anomalies. We use coherence to compare fire with 344 

climate because, in their own units, the covariances of temperature and VPD would weight each region by 345 

the variability of its climate rather than of its fire emissions. Changes in variance between windows are 346 

compared with two-sided F ratios with 8 and 8 degrees of freedom, because a trend is fitted in each ten-347 

year window (Supplementary Note 2). Where intervals are reported (Supplementary Note 2), they are 95% 348 

percentile intervals from a circular moving-block bootstrap of the years within each window, with block 349 
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length three years, 4,000 replicates, the same sampled years applied to every series entering a statistic, 350 

and seed 20260806. Sensitivities to window choice, endpoint exclusion and single-year removal are 351 

reported in Supplementary Note 3. Values are rounded to the precision of the comparison they take part 352 

in. 353 

Window-comparison sensitivity 354 

To account for selecting among the five window comparisons in Supplementary Note 3, we compared the 355 

largest later-minus-earlier change in coherence with its distribution across 4,000 circular moving-block 356 

resamples of the pooled, undetrended 1997–2024 regional record (three-year blocks; seed 20260806). 357 

Each resample used the same year indices for all regions and assigned the sampled rows to the original 358 

sequence of year positions. A separate linear trend was then fitted within each candidate window before 359 

recalculating the maximum across recent-window starts of 2011–2015; each pair of ten-year windows is 360 

separated by four omitted years. The one-sided P value is (1 + number of resampled maxima at least as 361 

large as the observed maximum)/(4,000 + 1). This scan tests the strongest positive contrast under the 362 

pooled-block resampling model and does not estimate a transition year. 363 

Covariance accounting 364 

The change in global variance between the windows is partitioned into the change in the summed regional 365 

variances and the change in the cross-region covariance term of the identity given in the Results; the 366 

covariance share (84%) is the latter divided by the total change. In a covariance swap, the 2001–2010 367 summed regional variance (0.054 PgC² yr⁻²) is combined with the 2015–2024 cross-region covariance 368 term (+0.058 PgC² yr⁻²), giving a global variance of 0.11 PgC² yr⁻², 5.8 times the 2001–2010 value of 0.019 369 PgC² yr⁻², against the observed 6.8-fold. For the boreal–tropical component (Fig. 2d), the two boreal 370 

regions (Boreal North America and Boreal Asia) and the seven tropical regions (Central America, 371 

Northern and Southern Hemisphere South America, Northern and Southern Hemisphere Africa, Southeast 372 

Asia and Equatorial Asia) are summed into two aggregate series and detrended within each window. 373 

Their correlation is reported directly; the boreal–tropical covariance term is twice their covariance, 374 
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because both off-diagonal blocks enter the global variance, and its change divided by the change in total 375 

cross-region covariance gives the 44% share. 376 

Fire–CO₂ association 377 

For each window, the growth-rate anomaly is regressed on the fire anomaly by ordinary least squares; Fig. 378 

3c shows the fits and their R², and Supplementary Table 3A gives the 2015–2024 slopes. The variances in 379 

Fig. 3d are those of the detrended fire anomaly, the detrended growth anomaly and their difference, 380 

growth minus fire; because detrending is linear, the difference of the two detrended series equals the 381 

detrended difference. The corresponding standard-deviation reductions, their relationship to the variance 382 

fractions, and the early-to-recent variability comparisons and uncertainties are given in Supplementary 383 

Note 2 and Supplementary Table 3. The preliminary 2025 pair, the full-year GFED5NRT fire total and the 384 

GRESO growth rate, is placed relative to the 2015–2024 trend of each product and enters no fit. The 385 

regression describes the association between two detrended records; it does not partition the growth rate 386 

into sources. 387 

Fire-season sampling and climate coherence 388 Each region’s fire season is the set of four contiguous calendar months with the largest climatological 389 

emissions over 1999–2011, and its season year is the calendar year of the climatological peak month 390 

within that window. The seasons were fixed before any climate series was examined and are not adjusted 391 

to later years; tie rules and seasons that cross the calendar year are handled as described in 392 

Supplementary Note 4, and the seasons of all 14 regions are listed in Supplementary Table 2. Fire-season 393 

temperature and VPD are means over those four months; twelve-month sampling averages the twelve 394 

calendar months ending with the last month of the fire season, so that it contains the season and the eight 395 

months before it; annual-mean sampling uses calendar-year means. Coherence is computed from within-396 

window detrended regional series for trailing ten-year windows ending 2010–2024 (Fig. 4a) and for the 397 

two comparison windows under the three samplings (Fig. 4b). ENSO variability in Fig. 4c is the sample 398 

standard deviation of each monthly index over each ten-year window ending 1959–2024 (MEI v2 from 399 
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1988), and the rankings of the two decades described in the Results are percentile ranks among those 400 

windows. 401 

For uncertainty in climate coherence changes (Supplementary Note 4), early and recent years are 402 

resampled separately in circular three-year blocks, using 4,000 replicates and seed 20260806. Draws 403 

within a window are shared across regions, variables and sampling choices. Each resampled series is 404 

detrended against its sampled original years before its pairwise correlations are averaged. Intervals are 405 

the 2.5th–97.5th percentiles of the recent-minus-early difference. This within-window uncertainty 406 

calculation differs from the pooled-record window scan above. 407 

Use of AI tools 408 

Large language model (LLM) assistants (Codex, OpenAI; Claude, Anthropic) were used to help edit the text, 409 

to write and debug data-processing and plotting code, and to check submission files. The three 410 

illustrations in Fig. 1 (forest, savanna and globe) were drawn with Matplotlib and Cartopy, using Natural 411 

Earth coastlines; the drawing code was written with an LLM coding assistant. The authors checked all text, 412 

code, analyses and references and take full responsibility for the content of this paper. 413 

Data availability 414 

GFED5.1 fire emissions, burned area and the basis-region mask23 are available at 415 

https://doi.org/10.5281/zenodo.16794692 and https://www.globalfiredata.org, and GFED5NRT44,45 at 416 

https://doi.org/10.5281/zenodo.18702700. GFAS fire-radiative-power-based emissions46 are available 417 

from the Copernicus Atmosphere Data Store at https://doi.org/10.24381/a05253c7. The Global Carbon 418 

Budget 2025 atmospheric inversion fluxes1 are available from the Integrated Carbon Observation System 419 

(ICOS) Carbon Portal at https://doi.org/10.18160/VZ3B-GHYQ. The NOAA global CO₂ growth rate is 420 

available at https://gml.noaa.gov/ccgg/trends/gl_gr.html. OCO-2 v11.3r and GOSAT ACOS v11 Lite 421 

retrievals are available from the NASA Goddard Earth Sciences Data and Information Services Center at 422 

https://doi.org/10.5067/C4OENLFCYVSA and https://doi.org/10.5067/UAY6VJYTS8OD, respectively; the 423 

annual GRESO growth rates are available in Pandey et al.25, and the series was extended to include 2025 424 
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using the approach described in that paper. NCEP–NCAR Reanalysis 1 fields are available at 425 

https://psl.noaa.gov/data/gridded/data.ncep.reanalysis.html, the Oceanic Niño Index and detrended 426 

Niño-3.4 index at https://www.cpc.ncep.noaa.gov/data/indices/, and MEI v2 at 427 

https://psl.noaa.gov/enso/mei/. 428 

Code availability 429 

The analysis and figure code that produces the numbers and figures in this study, together with the 430 

derived input series, is archived on Zenodo (reserved DOI: 10.5281/zenodo.22969746). It is available to 431 

editors and reviewers through a private link during peer review and will be made public with a versioned 432 

release upon acceptance. 433 
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