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Wildland fires in seasonally snow-covered areas can have lasting effects
onboththe snowpack and carbon stocks. Here, using long-term satellite

data, we show that from 1982 t0 2018, the burned areain the Arctic has
significantly increased, while the duration of snow cover has significantly
decreased. An XGBoost machine learning model and causal analysis
confirmed the role of wildland fires in delaying snow cover formation, with
this effect strongly linked to fire-induced reductions in albedo and increases
intemperature. Inaddition, we observed a delay of more than 5 daysin
snow cover formation following major wildland fires. Looking ahead, our
projections under a high-emissions scenario (Shared Socioeconomic
Pathway, SSP 5-8.5) indicate that the burned area could increase by a factor
of 2.6 and the annual mean snow cover duration could decrease by nearly
18 days between 2015 and 2100 compared with the historical average.

Snow cover in the Arctic region (latitude >60° N) plays an important
role in the global climate system, notably impacting the hydrological
cycle'™, global energy balance and weather patterns>*°. However, cli-
mate change is anticipated to cause a shift in snowpack, leading to later
formation or earlier melting”’. This shift could reduce snow-dominated
water resources and broadly impact freshwater supply*', ecosystem
productivity"”, agricultural irrigation'?, groundwater recharge®, food
security'" and hydrological extremes'®".

Meanwhile, wildland fires areincreasingly prevalentin the Arctic,
with their size, frequency and intensity expected torise asthe climate
warms'®?, Notably, in 2023, arecord-breaking fire season burned over
45 million acres in Canada, almost ten times the 1983-2022 annual
average burned area (BA) of 5.2 million acres (Canadian Interagency
Forest Fire Centre). In addition, in the summer of 2022, wildland fires
impacted more than 1.2 million acres across southwestern Alaska®.
Wildfires also scorched areas along the Arctic Circle, incinerating

tundra and blanketing Siberian regions with smoke®. Furthermore,
fires occurring in snow-covered areas could modify snow accumula-
tion, ablation and duration, exacerbating the subsequent impacts of
reduced snow cover. Thus, wildland fires in snow-covered areas are
concerningasaresult of the long-lastingimpacts they can have onthe
snowpack, particularly in the Arctic region.

Given the anticipated reductions in snow cover and increased
severity of wildland fires under awarmer Arctic climate, it is essential
to consider theirinteraction, particularly how snow cover responds to
intensified wildland fires. Theimportance of this stems fromevidence
that wildland fires can modify snow characteristics, although the sign
and magnitude of these impacts can substantially vary across different
regions®*”. For instance, observations across the western United States
indicate that adecline in peak snow after afire is more common?, prob-
ably due to fire-related changes to the snowpack energy balance”. As
previous studies onsnow cover and wildland fires have not considered

'State Key Laboratory of Climate Resilience for Coastal Cities (SKL-CRCC), The Hong Kong Polytechnic University, Hong Kong, China. 2Department of Land
Surveying and Geo-Informatics, The Hong Kong Polytechnic University, Hong Kong, China. *Research Institute for Land and Space and Research Institute
for Sustainable Urban Development, The Hong Kong Polytechnic University, Hong Kong, China. “Department of Civil and Environmental Engineering,
University of California, Irvine, CA, USA. *Department of Earth System Science, University of California, Irvine, CA, USA. ®United Nations University, Institute
for Water, Environment and Health, United Nations University, Hamilton, Ontario, Canada. ’‘Department of Earth and Environmental Engineering, Columbia

University, New York, NY, USA. 8These authors contributed equally: Yamin Qing, Shuo Wang.

e-mail: shuo.s.wang@polyu.edu.hk

Nature Climate Change | Volume 15 | October 2025 | 1091-1098

1091


http://www.nature.com/natureclimatechange
https://doi.org/10.1038/s41558-025-02443-6
http://orcid.org/0000-0002-5979-3303
http://orcid.org/0000-0001-7827-187X
http://orcid.org/0000-0003-4689-8357
http://orcid.org/0000-0002-0845-8345
http://crossmark.crossref.org/dialog/?doi=10.1038/s41558-025-02443-6&domain=pdf
mailto:shuo.s.wang@polyu.edu.hk

Article

https://doi.org/10.1038/s41558-025-02443-6

240

220

200 1

Snow cover duration (days) ©

90° W |y, 90° W |-y,
150 158 166 174 182 190 198 206 214 222 0O 03 06 09 12 15 18 21 24 27
Snow cover duration (days) BA (107 Mha)
D D ;OO D DD OND DO ON R O DOPLEOCNRLOORN DO DL O R
FFF R FE TS S S ‘1/00 oS fv°0 '1/00 '1/00 ']/OQ rL00 ']/00 rL00 q/QQ ST S S S S S oS
Year

Il MCD64A1 M FireCCI51 M FireCCILT1

BA (Mha)

VoD o K
& F P F

O O\
\e)
\@‘b@

Fig.1|Spatiotemporal changes in snow cover and BA for 1982-2018 over the
Arcticregion. a, Extent of the annual mean snow cover duration over areas

that experienced wildland fire from 1982 to 2018. b, Extent of the burns for
1982-2018 from the FireCCILT11 product. ¢, Annual snow cover duration over
areas that experienced wildland fire from 1982 to 2018. d, Annual BA in the Arctic
region, derived from three products (FireCCI51, MCD64A1 and FireCCILT11).
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Satellite BA products do not contain data for 1994 and the data for 1994 in daily
snow dataare also removed. Basemaps inaand b from Natural Earth (https://
www.naturalearthdata.com/), generated with matplotlib with geospatial data
from GSHHG (https://www.soest.hawaii.edu/pwessel/gshhg/) under a Creative
Commons licence CCO.

theirinterplay, it remains largely unknown whether and how major wild-
land fires might reduce the duration of snow coverin the Arctic region.

We used three satellite-based BA products (FireCCILT11, Fire-
CCI51and MCD64A1) and adaily gridded snow water equivalent (SWE)
reconstruction for the recent decades (1982-2018) to assess changes
in BA and snow cover, as well as their interactions in the Arctic region
(Methods). We developed XGBoost (extreme gradient boosting) mod-
els incorporating a range of climate factors—including albedo, land
surfacetemperature (LST), air temperature (7,), vapour pressure deficit
(VPD), surface downwelling shortwave flux (SW), surface downwelling
longwave flux (LW) and climatic water deficit (Def)—across pre-fire,
during-fire and post-fire phases. We also included summertime BA,
latitude and longitude to analyse the contribution of all factors to
changesinsnow cover duration. Inaddition, we used causal analysis to

investigate the causal effects of wildland fires on snow cover changes.
The response of snow cover duration to major wildland fires was then
assessed. Last, we examined the trends in wildland fires and snow cover
under three future Shared Socioeconomic Pathways (SSPs 2-4.5,3-7.0
and 5-8.5) from the Coupled Model Intercomparison Project phase 6
(CMIP6) simulations.

Trendsin BA and snow cover

We begin with a broad overview of changes in annual snow cover
duration (limited to snow-covered areas where wildland fires have
occurred) and BA from1982to 2018. Generally, annual snow cover dura-
tionincreases withlatitude. Thelongest duration, exceeding 220 days,
occurs within the Arctic Circle, while the shortest duration, typically
less than 150 days, is observed south of the Arctic Circle (Fig. 1a).
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Fig. 2| Changes in snow cover phenology and BA across the Arctic from
1982t02018. a, Trend in annual BA (Mha) based on FireCCILT11. b, Trend in
annual snow cover duration (days) over areas affected by wildland fire. ¢, Trends
inthe start (black) and end (red) dates of snow cover over fire-affected areas.
Ina-c, trends are estimated using least-squares linear regression over the
1982-2018 period and statistical significance is assessed using two-sided ¢-tests
with Pvalues derived from the regression model. d, Spatial sensitivity of SD to

0 0.2
Sensitivity coefficient (ED)

0.4 0.6 0.8 1.0

changes in snow cover duration over the 1982-2018 period. e, Spatial sensitivity
of ED to changes in snow cover duration over the 1982-2018 period. Panelsd and
eshow only regions with statistically significant results based on multiple

linear regression. Basemaps in d and e from Natural Earth (https:/www.
naturalearthdata.com/), generated with matplotlib with geospatial data from
GSHHG (https://www.soest.hawaii.edu/pwessel/gshhg/) under a Creative
Commons licence CCO.

Onthe other hand, thesatellite-based BA product FireCCILT11 captures
the widespread fire activity that has occurred across the Arcticregion
(Fig.1b).Furthermore, snow cover duration has decreased across the
Arcticregionfrom1982t02018 (Fig. 1c). Quantitatively, from2001to
2018, the average snow cover duration was 205 days, whichis10 days
shorter than the 1982-2000 average. Meanwhile, although BA esti-
mates in the Arctic region vary among satellite BA products, all have
shown anincreasing trend, with the most pronounced rise observed
inthe FireCCILT11 product (Fig. 1d). The mean BAs estimated by Fire-
CCILT11, FireCCI51 and MCD64A1 from 2001 to 2018 were 2.8 Mha,
3.0 Mha and 2.9 Mha, respectively. These values are 1.6,1.8 and 1.7
times greater thanthe mean BA estimated by FireCCILT11 for the period
1982t02000.

Theannual BAinthe Arctic region has shown asignificantincreas-
ing trend (P < 0.01), with anincrease of approximately 2 Mha (Fig. 2a),
particularly during2010-2018, when the levels were higher than those
observed in 2001-2009 (Supplementary Fig. 1). Meanwhile, in areas
affected by wildland fires, snow cover duration exhibited a significant
decreasing trend (P < 0.01), shortening by more than 15 days over the
study period, with a similar decline observed over the past approxi-
mately two decades (Fig.2b and Supplementary Fig.1). Notably, in the
Arctic, the snow cover formation date showed a substantial delay (indi-
catinglater snow cover formation), while the snow end date advanced
(indicating earlier snowmelt), both of which are consistent with climate
warming (Fig. 2¢). Specifically, delayed snow cover formation was
more pronounced below the Arctic Circle, while earlier snowmelt
was more evident above it (Fig. 2d,e). These patterns suggest that the

shortening of the snow season may be associated with warming during
early winter and spring.

Effect of wildland fires on snow cover

Toassess whether delayed snow cover formation and early disappear-
ancearelinked to pre-snow-season wildland fires, we first analysed the
factorsinfluencing changesin snow cover from1982to2018. Delayed
snow cover formation and early disappearance were defined as snow
start and end dates (SD and ED) deviating by more than1s.d. fromthe
mean. We trained XGBoost models to predict annual delayed snow
cover formation and early disappearance using climatic variables
(albedo, LST, T,, VPD, SW, LW and Def) across pre-fire, during-fire and
post-fire phases, along with summertime BA, latitude and longitude.
The models performed well (F, = 0.82, recall = 0.96), outperforming
other machine learning methods (Supplementary Fig. 2 and Supple-
mentary Table 1) and their interpretability revealed key drivers. As
showninFig.3a, post-fire factors had the strongest influence on delayed
snow cover formation, consistent across different spatial resolutions
(Supplementary Fig. 3). Furthermore, post-fire albedo, T, and LST
were the mostimportant predictors. Some larger BA values were also
associated with higher Shapley additive explanation (SHAP) values,
particularly under conditions of higher post-fire T,, lower post-fire
albedo and higher post-fire LST. Thisindicates that delayed snow cover
formationis more sensitive to post-fire warming and surface darkening
inareas affected by severe summer fires (Fig. 3b,c and Supplementary
Fig.4). However,albedo, LST, T,, VPD, SW, LW and Def across the pre-fire,
during-fire and post-fire phases, as well as BA, latitude and longitude,
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Fig. 3| Machine learning and causal analyses of the drivers of delayed snow
cover formation following fire events. a, Mean SHAP values for various variables
(albedo, T,, LST, VPD, SW, LW and Def) during the pre-fire (grey), during-fire
(blue) and post-fire (red) periods, with BA, latitude and longitude. Values are
computed in 8 x 8 grid boxes (that s, 2° x 2°) using the XGBoost model. b,c, SHAP
dependence plots for post-fire T, (b) and post-fire albedo (c), respectively, with
colourindicating BA. Red lines indicate fitted trends. d, SEM illustrating causal
relationships between summertime fire, post-fire albedo, post-fire LST, post-fire
T,and SD. Standardized path coefficients are shown along arrows; significance
isindicated (**P < 0.01). e-h, Causal relationships between summertime BA,
post-firealbedo (e), post-fire LST (f), post-fire T, (g) and SD (h) based on the CCM

model, appliedin 8 x 8 grid boxes (2° x 2°). The x axis shows the concatenated
time series across all grid boxes. Shaded areas indicate the mean + s.d. from
1,000 bootstrapped iterations. Insets in e-h show box plots comparing variable
values between fire and non-fire years (**P < 0.01). The short horizontal line
inside the box represents the 50th percentile and the top and bottom edges of
the box represent the 75th and 25th percentiles, respectively. The upper and
lower ends of the whiskers represent the 95th and 5th percentiles, respectively.
The Pvalue (**P<0.01) from the two-sided Kolmogorov-Smirnov test, which was
used to assess the statistical difference between the bias distributions of the two
categories, is shown at the top centre of insets in e-h.

are not sufficiently significant in explaining early snow cover disap-
pearance (Supplementary Fig. 5).

We then used structural equation modelling (SEM) to explore
the potential mechanisms underlying the substantially delayed snow
response to wildland fires, with a particular focus on the key roles of
post-fire albedo, LST and 7, (Fig. 3d). We found that summertime BA
significantly increased post-fire LST and simultaneously decreased
post-firealbedo, with path coefficients of 0.19 and -0.21, respectively.
Thereductionin post-firealbedo furtherincreased LST (-0.84, P< 0.01)
and therise in LST significantly elevated T,, with a path coefficient of
0.75 (P<0.01), ultimately leading to delayed snow cover formation
(R*=0.53, P<0.01). This pathway remained robust across different
spatial resolutions (Supplementary Fig. 6). Inaddition, each pathway
in the SEM was validated using convergent cross mapping (CCM). BA
significantly influenced post-fire LST and post-fire albedo (p = 0.21
and 0.22), with post-fire conditions showing higher LST and lower
albedo compared with non-fire years (Fig. 3e). Causal links were also
confirmed fromalbedo to LST and from LST to T, (Fig. 3f,g). Post-fire T,
strongly influenced delayed snow cover formation (p = 0.78, P < 0.05),

indicating that fire drives delays in snow cover formation (Fig. 3h).
This CCM remained robust across different spatial resolutions (Sup-
plementary Fig.7).

In the Arctic, the primary ecosystem is tundra®®?’. However,
charred tundra has a lower albedo than unburned areas, absorbing
more solar radiation and thereby increasing LSTs*. Fire amplifies
this effect through both direct heating and the reduction of surface
albedo, further warming the ground and increasing T,. In the post-fire
phase, especially during late autumn and early winter, these warmer
conditions hinder snow accumulation, resulting in delayed snow cover
formation (Supplementary Fig. 8). Overall, the delay in snow cover
formation becomes more pronounced with increasing wildland fires
and the associated post-fire warming.

Response of snow cover to major fires

We further examined the regional response of snow cover (SD and
ED) to major wildland fires in the Arctic using the widely adopted
superposed epoch analysis (SEA), also known as compositing. Major
wildland fires were defined as those with a total annual BA of >1s.d.
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the ED.Incandd, the regression is based on the spatial domain and the shaded
areasurrounding the regression lines represents the 90% Cl of regression
estimates. The blue markers and error bars show the mean percentage change at
different BA categories and their 90% CI. The blue markers and lines are drawn
atthe midpoint of each category.Incandd, Pvalues are based on the two-sided
Student’s t-test.

above the mean during the 1982-2018 period. Our SEA results show
asignificant delay (P < 0.05) in the snow cover start date in the years
following major fire eventsin the Arctic (Fig. 4a). This finding remains
consistent across different thresholds used to define major wildland
firesandis further supported by anincreased sample size for robust
event detection using bootstrap resampling with noise (Supplemen-
tary Figs. 9 and 10). The most pronounced delay—exceeding 5 days
relative to the 3-year pre-fire average—occursin the snow yearimme-
diately following fire events. Bootstrapped 5th and 95th percentile
confidenceintervals (Cls) confirm the statistical significance of this
delay. In contrast, SEA detects no significant advance in the ED fol-
lowing major wildland fires, relative to the 3-year pre-fire average
(Fig.4b). Thisresultalso holds when applying alternative thresholds
to define major fire events (Supplementary Fig. 11). Therefore, in
the Arctic, the observed shortening of snow cover duration can be
partially attributed to the substantial delay in snow cover formation
inresponse to major wildland fires.

The delayed response of the SD to major wildland firesis not only
significant but also positively correlated with the severity of wild-
land fires, as measured by BA. A generally positive relationship exists
between SDs and BAs, with a regression slope close to 1.0 (P < 0.1),
indicating that larger BAs lead to a later formation of snow cover. For
example, the SD following a 4-Mha BA is about 3 days later than that
followingal-MhaBA, demonstrating that the delay in snow cover for-
mationincreases with fire severity (Fig. 4c). In contrast, the ED shows
no significant correlation (P > 0.1) with fire severity (Fig. 4d). Thus,
increased wildland firesin the Arcticlead to asignificant delay in snow
cover formation and this delay scales with fire severity.

Projections of BA and snow cover
The projections of BA were estimated using a least-squares linear
multiple regression between the BA detected by AVHRR sensors (Fire-
CCILT11) for 1982-2014 and the mean summer factors from CMIP6
models that were significantly related to BA during the same historical
period (1982-2014). This multiple regression model was then applied
to project the BA for the historical period (1950-2014) and the future
period (2015-2100) under three scenarios: SSPs 2-4.5,3-7.0 and 5-8.5
(Supplementary Table 2). For the projected annual snow cover dura-
tion, surface snow amounts from CMIP6 were used to calculate snow
cover duration for both the historical period and three future scenarios.
The SSP 2-4.5, 3-7.0 and 5-8.5 scenarios indicate a substantial
increasein BAinthe Arctic (Fig.5a). The annual BA under the SSP 2-4.5,
3-7.0and 5-8.5scenariosis projectedtobe2.1,2.4 and 2.6 times larger,
respectively, than the historical average (Fig. 5b). Specifically, under
the very high GHG emissions scenario (SSP 5-8.5), the BA could be in
the range of 2.9-3.8 Mhain 2015, reaching 6.4-13.9 Mha by the end of
this century (Fig. 5b). Comparisons of all ten models can be found in
Supplementary Fig. 12. Conversely, the Arctic region is projected to
experience a decrease in annual snow cover duration under all sce-
narios, reaching approximately 146 days, 137 days and 130 days by the
end of this century under SSP 2-4.5, 3-7.0 and 5-8.5 scenarios, respec-
tively (Fig. 5c). Furthermore, compared with the historical period, the
annual mean snow cover duration under SSPs 2-4.5, 3-7.0 and 5-8.5
is projected to be 12 days, 15 days and 18 days shorter, respectively
(Fig. 5d). Under the very high GHG emissions scenario (SSP 5-8.5), the
annual mean duration of snow cover willbe nearly amonth shorter than
in 2015 (159 days) by the end of this century. Comparisons across all
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Fig. 5| Projection of annual BA and snow cover based on CMIP6 models under
three scenarios (SSPs 2-4.5,3-7.0 and 5-8.5). a, Annual BA for the historical
period (1950-2014) and the future period (2015-2100), including the SSP 2-4.5,
3-7.0 and 5-8.5 scenarios, in the Arctic region. b, Box plots of the annual BA during
the periods 0f 1950-2014 and 2015-2100. ¢, Annual snow cover duration for the
historical period (1950-2014) and the future period (2015-2100), including the
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SSP 2-4.5,3-7.0 and 5-8.5 scenarios, in the Arctic region. d, Box plots of the

annual snow cover duration during the periods 0f1950-2014 and 2015-2100.
Inbandd, the short horizontal line inside each box represents the 50th
percentile (median), and the top and bottom edges of the box correspond to the
75th and 25th percentiles, respectively. The upper and lower ends of the whiskers
indicate the 95th and 5th percentiles, respectively.

ten models are provided in Supplementary Fig. 13. Wildland fires and
shortened snow cover will be exacerbated in awarming climate. In this
context, theinteraction between BA and snow cover may be amplified
by climate change, greatly intensifying future wildland fires and further
reducing snow cover beyond the effects of mean climate change alone.
Ashorter snow cover period canreduce forest ecosystem productivity
and carbonsequestration, particularly in water-limited regions, where
suchdry conditions may also increase wildfire sensitivity as a result of
higher solar radiation®.

Discussion

Our results indicate a substantial response of the delayed formation
of snow cover to wildland fires. Meanwhile, the ED could also be influ-
enced by wildland fires. Forinstance, the dust caused by wildfiresin the
Southern Rockies region increased the snow-free dates*, contribut-
ing to higher likelihood of snow drought®. The dust deposition from
wildland fires is particularly important during the snowmelt season.
Dust layers over the snow surfacelead toareductioninsurfacealbedo.
Thisreductioninalbedo underscores theimportance of wildland fires
on post-fire changes to snowmelt rate and timing** ¢, Consequently,
wildland fires could also affect the snow cover duration through advanc-
ing the ED in different regions.

Our analysis focuses primarily on the response of snow cover to
wildland fires. However, it is crucial to consider that the shortening
of snow cover may also influence wildland fires. A shorter snow cover
period contributes to prolonged exposure of the land to the effects
of fire, intensifying the impact of wildland fires on the surrounding
environment®>%, This extended exposure canlead to increased surface
heating and aridity, which in turn exacerbates the severity of BAs and
contributes to the earlier arrival of the fire season (Supplementary
Figs. 14 and 15). Understanding this relationship is vital for assessing

the potential risks and impacts of wildland fires on snow cover and for
developing strategies to mitigate the effects of wildfiresin regions with
shortened snow cover duration.

The impacts of wildland fires on snow cover vary regionally. Fac-
tors such as terrain and climate variability also influence changes in
snow cover from pre-fire to post-fire conditions. For instance, in some
forestregions, trees intercept a portion of the snowfall beforeit reaches
the ground; whentreesburn, snow interception decreases. Since inter-
cepted snow is more likely to sublimate back into the atmosphere®*°,
fires canlead to greater snowfall reaching the ground (thatis, increased
snow accumulationonthe ground), thereby increasing the overall snow
amount. Moreover, treesin forests also influence the wind redistribu-
tion of snow. Wind can scour snow from large, open areas, while small
open areas surrounded by trees may retain more snow*'. Therefore, for-
est clearing can either advance or delay the timing of snow-free condi-
tions, depending on the terrain and the effects of wind redistribution*’.

Ashortened duration of snow cover affects not only the Arctic but
also water-limited regions*™*, potentially reducing forest ecosystem
productivity and carbon sequestration*®. Such dry conditions may
inhibit vegetation recovery after a fire, causing the impacts on snow
cover to persist for decades”. As aresult, the response of snow cover
to wildland fires is an increasingly pressing issue that requires global
attention. As climate change continues to exacerbate these phenom-
ena, studying the relationship between reduced snow cover and wild-
land firesis essential for predicting and managing their occurrence. By
understanding the potential consequences of diminished snow cover
resulting from wildfire activity, policy-makers, researchers and land
managers can develop effective strategies to mitigate their cascad-
ing impacts. Furthermore, studying this response allows us to better
understand the complex relationship between these two ecological
disturbances, enabling the development of proactive measures to
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break this linkage. Ultimately, recognizing the significance of the con-
nection between reduced snow cover and frequent wildfiresis crucial
for protecting ecosystems, communities and biodiversity from the
cascading effects of climate change.

Online content

Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information,
acknowledgements, peer review information; details of author contri-
butions and competinginterests; and statements of dataand code avail-
ability are available at https://doi.org/10.1038/s41558-025-02443-6.
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Methods

Calculation of snow metrics and BAs

Supplementary Fig.16illustrates the terms used to describe the snow
year. A snow year begins on1September of the current year and ends
on 31 August of the following year. For instance, the 1990 snow year
starts on 1 September 1990 and ends on 31 August 1991. Specifically,
the start day (SD) of snow cover is defined as the first day, relative to
1September, on which the SWE exceeds 10 mm and remains continu-
ously above this threshold, marking the onset of snow cover forma-
tion. The annual snow cover duration is defined as the longest period
of continuous snow cover (SWE >10 mm) within a snow year. In cases
with several periods of maximum duration, the earlier SDis used. The
maximum SWE value during the longest period of continuous snow
coverisdefined as the peak SWE. The end day (ED) is defined as the last
day, relative to 1 September, on which SWE exceeds 10 mm following
thelongest period of continuous snow cover (SWE >10 mm), indicating
the day when all snow has disappeared.

In evaluating wildland fires, we assessed the severity of wildland
fires on the basis of the BA. Three satellite BA products were used,
includingMCD64A1v.6 (ref.48), FireCCI51 (ref. 49) derived from MODIS
and the FireCCILT11 product®® derived from AVHRR. FireCCI51 and
MCD64A1 cover the period from 2001to 2018, while FireCCILT11 spans
from1982t02018. Owingtoitslonger temporal coverage, allanalyses
oftherelationship between wildland fire and snow cover are based on
FireCCILT11. However, as FireCCILT11 does not provide data for 1994,
all analyses exclude that year. Despite their utility, these fire products
have several limitations. For instance, MCD64A1 exhibited a higher
omission error in 2020 and FireCCILT11 is subject to known limita-
tions such as orbit-drift artifacts, which may lead to overestimation
of annual BAs before 2001. Nevertheless, FireCCILT11 captures the
interannual variability observed inboth FireCCI51and MCD64A1 dur-
ingthe2001-2018 period, with all three products showing anincrease
in BA during 2010-2018 compared with 2001-2009 (Supplementary
Fig.1). To ensure robustness, we repeated analyses using FireCCILT11
forthe2001-2018 period and consistently detected a delayed response
in snow cover formation (Supplementary Fig.17).

Analysis of historical trends

To evaluate long-term trends in BA and snow cover across the Arctic
region, we performed a linear regression analysis using least-squares
fitting>". Several candidate models, including linear, quadratic and
exponential functions, were fitted and compared on the basis of their
coefficients of determination (R?). The linear model, which yielded
the best fit, was selected for further interpretation. To quantify the
uncertainty associated with the trend, we applied a non-parametric
bootstrap procedure to generate 95% predictionintervals for the fitted
curve™. Theslope and its statistical significance (Pvalue) were directly
estimated using a standard linear regression approach®.

Identification of factors influencing snow cover

Boosting trees refer to a decision tree-based machine learning
approach.XGBoost enhances boththe speed and predictive accuracy
of gradient-boosted decision trees*. In this study, we built and trained
an XGBoost model to predict the delayed formation and early disap-
pearance of snow cover using several environmental variables across
pre-fire, during-fire and post-fire phases. These variables included
albedo, LST, T,, VPD, SW, LW and Def. These factors were selected on
the basis of their relevance to both wildland fires and snow cover, as
they are key to understanding snow accumulation and melt dynamics
following fire events®>*°. In addition to these environmental variables,
summertime BA, latitude and longitude were also considered. Abinary
cross-entropy loss function was applied in all XGBoost models. We
generated amesh of grid boxes with sizes of 4 x 4 (1° x 1°), 8 x 8 (2° x 2°)
and 12 x 12 (3° x 3°) across regions that experienced sustained summer
wildland fires.

Theresponse variables included delayed formation of snow cover
(thatis, SD deviating by >1s.d. from the mean) and early disappearance
of'snow cover (thatis, ED deviating negatively by >1s.d. fromthe mean).
The predictor features (pre-fire, during-fire and post-fire albedo, LST,
T, VPD, SW, LW and Def, along with BA, latitude and longitude) were
detrended and standardized (except for latitude and longitude). The
during-fire phase refers to the month in which wildland fires occurred
during summer, while the pre-fire and post-fire phases correspond to
the 2 months preceding and following the fire month, respectively. This
2-monthinterval was selected on the basis of observed substantial dif-
ferencesin meteorological conditions between fire and non-fire years
during these periods (Supplementary Fig. 18). As climatic anomalies
during this transitional period caninfluence snowpack formation, we
used the 2-monthwindow for both pre-and post-fire phases. For each
of the three phases, all predictor variables and response data were
randomly divided into five equal-sized folds. The XGBoost was trained
on four out of the five folds, with fivefold cross-validation applied
internally on the training data to optimize hyperparameters—includ-
ing the number of boosting rounds, maximum tree depth and column
subsample ratio. The optimized model was then evaluated on the
held-out one-fifth test fold. This process was repeated across all folds
to assess the performance of the model in predicting delayed snow
cover formation and early disappearance.

SHAP values are used in machine learning to interpret feature
importance within a model. SHAP combines additive feature attribu-
tion methods with Shapley values from cooperative game theory, treat-
ingthe prediction process asacooperative game. Larger absolute SHAP
valuesindicate astrongerimpact onthe predictions of the model, while
negative (positive) values suggest a negative (positive) contribution.
Inthis study, SHAP values were calculated using the TreeExplainer for
XGBoost models to analyse the factors influencing the delayed forma-
tionand early disappearance of snow cover. This approach clarified the
individual contribution of each factor and their interactions.

Causal analysis

To investigate the mechanisms by which wildland fires influence
snow cover formation, we applied SEM, a statistical approach used
to estimate causal relationships through both direct and indirect
pathways*”*%, We hypothesized that the impact of wildland fires (that
is, BA) on snow cover formation is mediated by changes in post-fire
LST and post-fire albedo, whichin turninfluence post-fire T,. The SEM
included three mediating variables: post-fire LST, albedo and T,. Path
coefficients were estimated using maximum likelihood estimation.

To assess model performance, we calculated fit indices includ-
ing the comparative fit index (CFI), Tucker-Lewis index (TLI), root
mean square error of approximation (RMSEA) and standardized root
meansquare residual (SRMR). SEM was applied to grid meshes of 4 x 4
(1°x1°),8x8(2°x2°)and12 x 12(3° x 3°) across regions with sustained
summer wildland fires. All variables were standardized before analysis
and we used the lavaan package in R (v.4.1.3) to estimate standard-
ized path coefficients. Model adequacy was evaluated using com-
monly accepted thresholds: CFI>0.95, TLI > 0.95, RMSEA < 0.10 and
SRMR £0.05.

CCM*’ was used to test causal relationships between key variables,
including summertime BA to post-fire LST, summertime BA to post-fire
albedo, post-firealbedo to post-fire LST, post-fire LST to post-fire T,and
post-fire T,to SD. CCMis arobust method for distinguishing causality
fromspurious correlations in nonlinear time-series systems. [t detects
causality by evaluating how well the historical record of a response
variable (for example, SD) can estimate the state of a potential causal
variable (for example, post-fire T,). The strength of cross mapping is
quantified by the correlation coefficient (p) between the predicted and
observed values of the causal variable. Anincreasing p with longer time
series and clear convergence indicates a causal effect. CCM was applied
toannual time series of summertime BA, post-fire LST, post-fire albedo,
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post-fire T,, SD and ED across grid meshes of 4 x 4 (1° x 1°), 8 x 8 (2° x 2°)
and12 x 12 (3° x 3°) infire-affected regions. The analysis was conducted
using the multispatial CCM package in R, with the optimal embedding
dimension determined via simplex projection over the study period.

Superposed epoch analysis
SEA®*¢' js a widely used method for analysing climate responses to
extreme events. In this study, we extracted time-series data for regional
annual snow cover duration, the SD and ED, to analyse their response
to major wildland fires. We defined major wildland fire event years
(year 0) asthose withaBA of >1 s.d. above the mean, allowing for dating
uncertainties of +3 years. We also tested other thresholds, including 0.8
and 1.2 s.d. above the mean. It is important to note that, since a snow
year is defined from 1 September of the current year to 31 August of
the following year (which differs from the fire year, calculated from 1
Januaryto31December), our analysis of post-fire responses primarily
focuses on year 0. This approach ensures that significant changes in
snow cover duration in the latter part of the current snow year can be
attributed to major wildland fires occurring earlier in the same year.
To assess significance, we generated abootstrap sampling distri-
bution by randomly drawing the same number of years as the major
wildland fire events under consideration from the pool of non-major
wildland fire years, repeating this process 1,000 times. For each draw,
we calculated the composite using the same method applied to major
wildland fire years. On the basis of these results, we determined the
5%,10%, 90% and 95% quantiles of the non-major wildland fire years
as the significance levels.

Projections of annual snow cover and BA

Projections of annual snow cover duration and BA were estimated
using CMIP6 models for the historical period (1950-2014) and for three
future scenarios—SSPs 2-4.5, 3-7.0 and 5-8.5—covering the years 2015
t0 2100. The projected annual snow cover duration was derived from
surface snow amounts (‘snw’) in CMIP6 for both the historical period
and the three scenarios (SSPs 2-4.5, 3-7.0 and 5-8.5). For annual BA
projections in the Arctic region, a two-step approach was used. First,
aleast-squares multiple linear regression was developed between
the annual BA observed by the satellite product with the longest time
span (FireCCILT11,1982-2014) and key related factors (thatis, summer
mean T, and VPD). Second, related factors from CMIP6 were applied
to this model to project annual BA for both the historical and future
periods. Additionally, VPD was calculated from T, and RH using data
from CMIP6 models.

Data availability

Alldatasupportingthe findings of this study are openly available. The
BA time series derived from AVHRR sensors (FireCCILT11) is available
athttps://doi.org/10.5285/62866635ab074e07b93f17fbf87a2cla. The
BAtime series derived from MODIS sensors are available at https://doi.
0rg/10.5067/MODIS/MCD64A1.006 for the MCD64A1 product and
https://doi.org/10.5285/58f00d8814064b79a0c49662ad3af537 for the
FireCCIS51 product. T, (2-m air temperature), 2-m dewpoint tempera-
ture, potential evaporation and vegetation transpiration are available
via ERA5-Land at https://doi.org/10.24381/cds.68d2bb30 and VPD is
calculated using the 2-m temperature and 2-m dewpoint tempera-
ture, while Def'is calculated on the basis of potential evaporation and
vegetation transpiration. These ERA5-Land variables are widely used
and have demonstrated strong performance in previous studies®*®.
Furthermore, ERAS5-Land offers higher spatial resolution, making it well
suited for our analysis. The SWE is available at https://data.tpdc.ac.cn/
zh-hans/data/7al11f968-ef31-4b30-b7bf-b8c7471997¢7. Albedo, LST, SW
and LW are derived from the Polar Pathfinder Extended Climate Data
Record (https://www.ncei.noaa.gov/products/climate-data-records/
extended-avhrr-polar-pathfinder). The CMIP6 models used for pro-
jecting snow cover and BA are available at https://esgf-data.dkrz.de/

search/cmip6-dkrz/. The datanecessary toreproduce the mainresults
are available via GitHub at https://github.com/qingyaminl/Delayed-
formation-of-Arctic-snow-cover-in-response-to-wildland-fires-in-a-
warming-climate (ref. 64).

Code availability

The computer code necessary to reproduce the main results is
available via GitHub at https://github.com/qingyaminl/Delayed-
formation-of-Arctic-snow-cover-in-response-to-wildland-fires-in-a-
warming-climate (ref. 64).
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