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Disproportionate impact of atmospheric 
heat events on lake surface water 
temperature increases

Xiwen Wang    1,2, Kun Shi    1,3 , Boqiang Qin    1,2, Yunlin Zhang    1,3,4 & 
R. Iestyn Woolway    5

Hot temperature extremes (HTEs) in the atmosphere can also affect lake 
surface water temperature, but how this impact changes with global 
warming is not well understood. Here we use numerical modelling and 
satellite observations to quantify the contribution of HTEs to variations 
in summer lake surface water temperature and lake heatwaves in 1,260 
water bodies worldwide between 1979 and 2022. Over this time period, 
HTE duration and cumulative intensity over the studied lakes increased 
significantly, at average rates of 1.4 days per decade and 0.92 °C days per 
decade, respectively. Despite only accounting for 7% of the total summer 
days, HTEs are responsible for 24% of lake surface summer warming trends, 
with the most pronounced effect observed in Europe at 27%. Moreover, 
HTEs are key drivers of both the duration and cumulative intensity of 
lake heatwaves. Our findings underscore the pivotal role played by 
short-term climatic extreme events in shaping long-term lake surface water 
temperature dynamics.

Hot temperature extremes (HTEs) in the atmosphere have become 
increasingly frequent and severe on a global scale since 1950, a trend 
that persists across most regions irrespective of the indices used1,2. 
Between 1951 and 2003, HTEs occurred more frequently in over 70% of 
the land surface area, albeit with region-specific variability3. These vari-
ations arise from the partially independent drivers of HTEs and regional 
mean temperatures, leading to non-parallel long-term changes4. Warm-
ing of the annual highest near-surface air temperature over land is 45% 
higher than global mean surface temperature (sea surface temperature 
over the ice-free oceans and near-surface air temperature over land and 
sea ice)2, a trend that has endured even during the so-called ‘warming 
hiatus’5. Evidence also points to an increase in the frequency of the 
most extreme heat events. In 2022, heatwaves swept across the globe, 
shattering records in Europe, China, the United States, Northern Africa, 
South America and the Arctic6. Furthermore, the planet experienced its 

hottest June7 and July8 in 2023. The consequences of HTEs are already 
imposing severe and wide-ranging impacts on both natural9 and social 
systems10. Between 1992 and 2013, anthropogenic extreme heat events 
resulted in trillions of economic losses, primarily due to infrastructure 
and crop damage11.

Lakes worldwide store approximately 87% of Earth’s usable liquid 
freshwater and provide crucial ecosystem services, including water 
supply, food production, transportation, recreation, tourism and 
biodiversity protection12–14. Satellite data and in situ measurements 
have unequivocally documented a warming trend in global lake surface 
water temperature (LSWT), at a rate of 0.34 °C per decade from 1985 
to 200915,16. The increase in LSWT can initiate a cascade of changes in 
lakes, both in terms of physical and biogeochemical processes17. Nota-
bly, this includes the intensification of lake stratification16, hindering 
the transport of oxygen from the surface to deeper waters, thereby 
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key finding is that HTEs contribute 24% to the long-term trends in LSWT 
for all studied lakes, with a pronounced impact observed, particularly 
in the case of European lakes. Additionally, HTEs are found to intensify 
and prolong LHWs in European lakes.

Lake surface warming trends from 1979 to 2022
To provide a representative view of real-world lake conditions, we con-
ducted a control experiment (CTL) to reconstruct LSWT from 1979 to 
2022. The modelled LSWT averaged across all studied lakes exhibit a 
notable increase both annually (0.13 °C per decade) and during the sum-
mer months (0.23 °C per decade) (Fig. 1). The rate of change during sum-
mer is broadly consistent with findings from satellite data (0.20 ± 0.01 
(ref. 33) vs 0.24 °C per decade during 1995–2022). The spatial patterns 
of summer mean LSWT change align with those reported from previ-
ous studies that investigated changes in LSWT, based on data from 
(1) the Global Lake Temperature Collaboration (GLTC)15 and (2) the 
Global Observatory of Lake Responses to Environmental Change (Glo-
boLakes)16. These studies have collectively shown a pervasive warm-
ing trend globally, with European lakes experiencing the most rapid 
increase. Specifically, the rate of change in summer mean LSWT for 
European lakes (located between 35–70° N and 10° W–50° E) in CTL 
is 0.42 °C per decade, approximately twice the average of all studied 
lakes. In regions such as North America, northern Europe, the Arctic 
and certain areas of the Tibetan Plateau, the rate of change in summer 
mean LSWT surpasses that of the annual mean. These regions primarily 
consist of cold boreal lakes, which remain ice covered until April–June. 
Conversely, in warm-climate regions, LSWT demonstrates comparable 
or even faster increases in other seasons relative to summer. These areas 
encompass lakes situated on the northern fringe of the Mediterranean, 
southern North America and southeastern China. This intra-annual 
heterogeneity in lake surface warming has been previously identified 
in regional in situ34 and modelling studies32. There are exceptions to 
these trends, with certain regions in northern North America, northern 
East Asia, South Asia, southern South America, southern Africa and 
central Australia displaying insignificant trends in annual and sum-
mer mean LSWT.

inducing deoxygenation18. Subsequent hypoxic conditions at the lake 
bottom can promote the release of phosphorus from lake sediments19. 
Moreover, the discrete distribution of lakes limits the connectivity of 
native species to other habitats, and ecological disasters may occur 
when species fail to find refuge20. Compelling evidence underscores 
the far-reaching consequences of HTEs on lake ecosystems, manifest-
ing as heightened LSWT, intensified deoxygenation in deeper layers21, 
increased emissions of greenhouse gases22 and the restructuring of 
fish communities23.

Traditionally, research into LSWT responses to climate change 
has primarily centred on investigating how lakes respond to long-term 
climate warming signals24. These signals encompass a spectrum of cli-
matic factors, including air temperature, solar radiation, wind patterns 
and humidity, all of which contribute to variations in LSWT16. However, 
abrupt and intense fluctuations, exemplified by HTEs, have the poten-
tial to elicit dramatic and acute responses in lakes. Some studies have 
modelled or observed the impacts of the most severe atmospheric 
heatwaves on LSWT at regional and short-term scales, such as the 2018 
European heatwave, which elevated LSWTs by 1.5–2.4 °C compared 
with the same period from 1981 to 201025, as suggested by model simu-
lations during May–October in 2018. Satellite data showed that the 
record-breaking 2022 heatwave in China resulted in a 1.6 °C rise in lake 
skin temperature during June–August compared with 2000–202126. 
However, the overarching contribution of contemporary HTEs to the 
long-term lake surface warming worldwide remains a critical knowl-
edge gap. It is essential to recognize that while the direct effects of 
extreme events are transient, the cumulative impact of increasingly 
frequent events has the potential to influence the statistical character-
istics of LSWT at annual or longer timescales. Consequently, there is an 
imperative need to quantitatively assess the role of present-day HTEs 
in driving lake surface warming trends. Insights into the alterations 
of LSWT triggered by HTEs can disentangle the complex interplay of 
individual processes underlying the thermal responses observed in 
lake surfaces to changing atmospheric conditions.

Our investigation focuses on the impacts of HTEs on changes in the 
long-term trend of LSWT and the emergence of lake heatwaves (LHWs), 
characterized by prolonged periods of extremely hot LSWTs. Specifi-
cally, HTEs are defined as days with daily mean air temperature above 
the 95th percentile of the 1979–2022 distribution27. LHW is defined 
as five or more consecutive days where daily mean LSWT exceeds the 
90th percentile of the 1979–2022 distribution28. This study focuses on 
HTEs during the summer period (1 July–30 September for the Northern 
Hemisphere and 1 January–31 March for the Southern Hemisphere15,29). 
Daily mean air temperature data from the European Centre for 
Medium-Range Weather Forecasts Reanalysis v5-Land (ERA5-Land)30 
was used to detect HTEs. Our approach encompasses two key steps: 
first, we selected 1,260 lakes from around the world (Extended Data 
Fig. 1), ranging between 0.2 and 400 m in average depth, between 
0.6 and 16,718 km2 in surface area, and between −216 and +5,202 m in 
elevation. We used the Freshwater Lake (FLake) model31 to simulate 
LSWT, with a tuning procedure for three model parameters32, includ-
ing the light extinction coefficient, ice albedo and a multiplication 
factor to adjust the mean lake depth. The tuning procedure minimizes 
model errors for each lake using satellite-derived LSWT as a reference 
(Methods). Hourly meteorological forcing for FLake was derived from 
ERA5-Land. Specifically, air temperature, humidity, wind speed, surface 
pressure and downward shortwave/longwave radiation are required 
(Methods). Modelled LSWT and LHWs have undergone validation 
(Extended Data Figs. 2–4). Interannual changes in LSWT and LHWs 
from 1979 to 2022 were analysed using model simulations annually 
and during each summer. Subsequently, we used both statistical and 
numerical–experimental methods to explore the influence of HTEs on 
LSWT and LHWs during the summer period only. This is because annual 
statistics of LSWT and LHWs are not directly comparable among the 
studied lakes due to the variable duration of ice cover in each lake. Our 
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Fig. 1 | Changes in LSWT during 1979–2022. a, Spatial distribution of trends in 
annual mean LSWT (°C per decade). b, Spatial distribution of trends in summer 
mean LSWT (°C per decade). Note the different colour bar ranges. The P values of 
trends were calculated using a two-tailed test.
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Contribution of HTEs to long-term lake surface 
warming
To characterize the interannual variation of HTEs, we computed two 
metrics: HTE duration (expressed in days) and cumulative intensity 
(calculated in °C days). Duration refers to the total number of days with 
HTEs during the summer months of each year. Cumulative intensity 
describes the severity of these extremes by calculating the average 
yearly deviation from the normal air temperature across all HTE events 
(Methods). This deviation is calculated cumulatively for each uninter-
rupted block of HTEs, representing the overall heat stress. From 1979 
to 2022, most lakes experience hotter and extended extreme summers 
(Fig. 2). Notably, all five of the hottest summers on record occurred 
within the twenty-first century, with the summer of 2022 ranking as the 
hottest and most prolonged. The duration and cumulative intensity of 
HTEs averaged across all studied lakes in 2022 was 12.5 days and 12.9 °C 
days, respectively. HTE duration and cumulative intensity averaged 
over all studied lakes have exhibited statistically significant increases, 
at rates of 1.4 days per decade and 0.92 °C days per decade, respectively. 
This phenomenon of increasing HTEs is also evident at regional scales. 
In general, mid-latitude lakes, particularly those in Europe, northern 
and eastern East Asia, western and eastern North America and various 
parts of Africa and South America, are experiencing more extreme 
hot summers. These findings are consistent with observations, albeit 
assessing different metrics2. However, there are exceptions, with some 
regions in southern Africa, northern North America, Australia and the 
Indian Peninsula displaying slight changes in both HTE metrics.

To investigate the relationships between HTE metrics (specifically, 
duration and cumulative intensity) and summer mean LSWT, linear regres-
sion models were used (Fig. 3). We detrended HTE duration and cumula-
tive intensity (predictor variables) and summer mean LSWT (response 
variable) to construct linear regression models for each lake. The extent 
to which the variability in summer mean LSWT can be attributed to the 

variability in HTE metrics is captured by the explained variances of the 
linear regression models. The significance of the fitted coefficients offers 
insights into the importance of the two HTE metrics: if a coefficient derived 
for an HTE metric is statistically significant, it signifies a relationship 
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between the metric and the variability of summer mean LSWT. In addition, 
we incorporated the raw HTE metrics, without removing any long-term 
trends, into the linear regression models and computed the trend of the 
response variable. The ratios of derived trends to summer mean LSWT 
trends in CTL provide insights into the proportion of summer mean LSWT 
trends explained by the HTE metrics. HTE metrics explain approximately 
39% of the variance in summer mean LSWT across all the studied lakes, 
with the largest explained variances found in high-latitude lakes in the 
Northern Hemisphere (Fig. 3a). Specifically, HTE duration is associated 
with summer mean LSWT in most of the studied lakes (1,069 out of 1,260), 
with 99% of them having positive coefficients, implying that summer 
mean LSWT increases with the prolongation of HTEs. Conversely, HTE 
cumulative intensity appears to be an important factor for 84 lakes. HTE 
metrics play a considerable role in explaining trends across a spectrum of 
lakes, including those with high explained variance ratios (such as eastern 
North America and northern Europe) and lakes with lower explained vari-
ance ratios (such as eastern China and eastern South America) (Fig. 3b).

In addition to our linear regression analysis, we adopted a numeri-
cal–experimental approach to explicitly quantify the impact of HTEs 
on summer mean LSWT trends. In this experimental set-up, referred 
to as the counterfactual experiment (CFT), we removed the influence 
of HTEs from the meteorological forcing. Specifically, if HTE occurs on 
1 day, we scaled the 24-h forcing data to ensure that the daily mean of 
each meteorological variable equals the mean value on that day from 
1979 to 2022. Subsequently, we employed forcing data with the HTEs 
removed to drive the FLake model. The contribution of HTEs on sum-
mer mean LSWT trends for each lake can therefore be computed as

TrendCTL − TrendCFT
TrendCTL

× 100% (1)

where TrendCTL and TrendCFT are trends in CTL and CFT, respectively. 
HTE contribution for a specific region is computed from LSWT aver-
aged across all studied lakes of that region (Methods). Probability 
distributions of summer mean LSWT trends in each lake from CTL and 
CFT are distinct (p < 0.01; Fig. 4a). CFT shows a lower change rate of 
0.17 °C per decade for summer mean LSWT averaged across all studied 
lakes compared with the CTL scenario (Fig. 4b). Therefore, HTEs con-
tribute approximately 24% of the summer mean LSWT trend for all 
studied lakes (27% for European lakes). The spatial distribution of con-
tribution values, as shown in Fig. 4c, is similar to patterns shown in 
Fig. 3b. Notably, lakes exhibiting contributions larger than 20% can be 
found worldwide, particularly concentrated in Europe, eastern China, 
North America and eastern South America. It is noteworthy that the 
impact of HTEs on summer mean LSWT is intensifying, as evidenced 
by the temporal variation in differences in summer mean LSWT between 
the CTL and CFT scenarios (Fig. 4d), which is particularly pronounced 
in Europe. Additionally, we observed that HTEs facilitate the change 
rate of intra-annual variability, which is the coefficient of variation 
computed from the monthly mean LSWT, by 31% for all studied lakes, 
with the most apparent influence in Europe (Extended Data Fig. 5).

In summary, our study employs both statistical and numerical–
experimental approaches to assess the relationship between HTEs and 
summer mean LSWT. These two distinct methodologies demonstrate 
that HTEs exert a noticeable influence on the summer warming of lake 
surfaces, with European lakes emerging as particularly susceptible to 
these effects.

Contribution of HTEs to LHW changes
The enhanced long-term surface warming trends coincide with an 
increased probability of lakes experiencing LHWs. We computed met-
rics for LHWs the same as HTEs, that is, LHW duration and cumulative 
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intensity, but for each summer and year separately. From 1979 to 2022, 
LHW duration increases at a rate of 1.9 days per decade in summer and 
4.4 days per decade annually, with lakes in eastern and central Amer-
ica, Europe and the Tibetan Plateau changing fastest (Extended Data 
Fig. 6a,c). LHW cumulative intensity also increases worldwide (3.37 °C 
days decade-1 in summer and 3.70 °C days per decade in annual), but 
European lakes increased the most (Extended Data Fig. 6b,d).

We investigated relationships between summer air temperature, 
HTE metrics and summer LHW metrics (Extended Data Fig. 7). Trends 
in summer LHW duration and cumulative intensity both exhibit the 
strongest correlation with trends in summer air temperature (r = 0.20 
and r = 0.30). This implies that the year-to-year variations in these two 
LHW metrics are both primarily influenced by trends in summer air 
temperature. Mean summer LHW cumulative intensity shows a strong 
positive correlation with mean HTE cumulative intensity (r = 0.63). 
Consequently, the primary factor influencing the spatial distributions 
of summer LHW cumulative intensity is HTE cumulative intensity.

In CFT, summer LHW duration and cumulative intensity exhibit 
statistically significant but slower rising trends compared with CTL 
(Extended Data Fig. 8). On average, for all studied lakes, summer LHW 
duration and cumulative intensity increase at rates of 1.2 days per 
decade and 1.71 °C days per decade in CFT, suggesting contributions 
of 35% and 49% from HTEs, respectively. This finding addresses the 
importance of HTEs in the prolongation and aggravation of LHWs.

Discussion
In this study, both statistical and numerical–experimental results sup-
port that HTEs promote lake surface warming worldwide during the 
summers of 1979–2022, with hotspots seen in Europe, eastern China, 
Central America and eastern South America. Among these, LSWT and 
LHWs in European lakes, which experience the most severe and pro-
longed extreme summers, are mostly affected. We disentangle the 
effects of HTEs on LSWT from the long-term climate warming signal and 
present new insights into global lake responses to climate change and 
new evidence for climate change impacts on LSWT and LHWs. Consid-
ering the substantial impacts of HTEs on LHWs, more attention should 
also be given to the mechanism of temperature extremes propagation 
from the atmosphere to lakes. As FLake omits many processes affecting 
LSWT, for instance, horizontal circulations, cold inflows from glacial 
meltwater, fluctuations in water levels and so on, some lakes affected 
by these intrinsic deficiencies were not considered in this study to 
ensure the accuracy of modelled LSWT. We would expect that these 
unresolved processes may mitigate or aggravate the effects of HTEs on 
lakes, given their important roles in regulating LSWT. In addition, HTEs 
do not solely occur in summer but also during the colder months, as 
evidenced by winter warm spells reported in several regions35,36. These 
events may affect lake thermal structure and ecosystems by altering 
ice phenology, for instance, earlier ice break-up results in earlier lake 
surface heating37 and an earlier growth season for phytoplankton38.

Even with 1.5 °C of warming, HTEs are projected to increase and 
strengthen across all continents2. This escalation in extreme events is 
a natural consequence of the long-term climate warming trend driven 
predominantly by greenhouse gas emissions2. However, HTEs are also 
influenced by factors at regional or local scales2, such as atmospheric 
dynamics (stronger heatwaves in Europe than other mid-latitude 
regions39), land–atmosphere feedbacks (‘hotter and drier’ in tropical 
regions40) and land use (the role of urbanization in China’s 2013 extreme 
summer heat41). Collectively, these factors contribute to the inherent 
spatial heterogeneity of HTEs2, including the most severe events42. 
This highlights the imperative need for regions worldwide to prepare 
for the increasing occurrence of severe HTEs and their consequential 
impacts on LSWT and lake ecosystems. Given that changes in LSWT 
will also affect the vertical thermal structure of lakes, future research 
can focus on investigating the impact of HTEs in shaping the distribu-
tion of water temperature, such as stratification, using sophisticated 

process-based models. Our study underscores the critical need to 
enhance the performance of climate models in simulating climate 
extremes43,44. Such improvements are vital for accurately assessing 
the future impact of HTEs on lake ecosystems and, consequently, for 
informed climate mitigation and adaptation strategies.
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Methods
Study sites
We selected 1,260 lakes around the world from the HydroLAKES 
dataset45, according to the availability of satellite observations and 
model performance (Extended Data Fig. 1). These lakes are situated 
across North America (n = 489), Asia (n = 276), Europe (n = 297), South 
America (n = 103), Africa (n = 51) and Oceania (n = 44), covering differ-
ent climate zones.

ERA5-Land
The ERA5-Land dataset provides land surface variables at hourly time 
intervals and a spatial resolution of 0.1° × 0.1° (ref. 30). Although 
ERA5-Land is one of the most state-of-art reanalysis datasets, its spa-
tial resolution of 0.1° is coarse for small lakes. To address this issue, 
we extracted data from the nearest ERA5-Land grid cell nearest to the 
lake centres to drive the lake model effectively (Simulated LSWT). 
The remaining potential errors in the meteorological forcing can be 
compensated in the parameter-tuning procedure (Simulated LSWT).

Observed LSWT
The European Space Agency Climate Change Initiative project (Lakes_
cci) provides daily lake skin temperature at 1 km resolution46 from 2000 
to 2020. We computed zonal mean skin temperature using the lake 
outlines from HydroLAKES to represent the LSWT for each lake. We 
used Lakes_cci during 2000–2010 (2011–2020) to calibrate (validate) 
the model parameters in the tuning procedure (Simulated LSWT). To 
minimize the uncertainties in satellite products, only satellite data 
with the best quality (quality flag = 5) were used in this study. The dis-
crepancy between best-quality Lakes_cci and in situ LSWT is very low 
(~0.1 °C)46. Except for Lakes_cci, multi-source satellite products and 
in situ LSWT were used in this study to validate the modelled LSWT, 
for instance, the Global Observatory of Lake Responses to Environ-
mental Change (GloboLakes) dataset, which also includes daily lake 
skin temperature but with a coarser resolution (0.05° × 0.05°)47 from 
June 1995 to 2016. We applied the same method used for Lakes_cci to 
process GloboLakes and used data from June 1995 to 1999 to validate 
the modelled daily mean LSWT.

The Global Lake Temperature Collaboration (GLTC) dataset pro-
vides summer mean in situ LSWT and satellite-derived skin temperature 
for 291 lakes worldwide during 1985–200948. It was used to validate 
the modelled summer mean LSWT. Furthermore, we collected in situ 
LSWT measurements with time intervals ranging from hourly to daily 
from seven Chinese lakes during 1993–2022 and averaged them into 
daily intervals for comparisons with modelled daily mean LSWT. In situ 
LSWT from GLTC and seven Chinese lakes were measured between 0 
and 3 m below the surface. The characteristics, sampling depth and 
distribution of all the lakes with in situ measurements (n = 29) can be 
found in Supplementary Table 1 and Supplementary Fig. 1.

Simulated LSWT
We used the FLake model to simulate hourly LSWT from 1979 to 2022 
for all studied lakes. FLake is an approximation procedure of LSWT 
developed by the German Meteorological Service31. It solves the 
surface heat balance to estimate LSWT and does not explicitly for-
mulate the heat transfer in the water column, instead adopting the 
self-similarity theory, in which the vertical heat distribution is repre-
sented by polynomial curves31. The simple model structure greatly 
benefits its computation efficiency49 and allows for widespread global 
application28. However, lake characteristics are highly heterogeneous 
and critical in shaping lake thermal structure, implying the necessity 
to tune lake-specific model parameters for each site. Therefore, we 
used an automatic tuning procedure that calibrates FLake by minimiz-
ing root mean square errors (RMSEs) between modelled LSWT and 
Lakes_cci, namely as the coupling remote sensing observations and 
FLake (CSFLake) approach32. Three model parameters were tuned, that 

is, the light extinction coefficient (influences the amount of solar radia-
tion reaching each water layer), lake ice albedo (influences the date of 
ice-on and ice-off) and a multiplication factor to adjust the mean lake 
depth (complements the potential uncertainties of average depths). 
Notably, many processes affecting LSWT are omitted in FLake, for 
instance, horizontal circulations, cold inflows from glacial meltwater, 
the salinity of water and so on. The assumed two-layer water column in 
FLake also limits its application in very shallow or deep lakes. Hence, 
in this study, we chose study sites considering both the availability 
of satellite observations and model performances, that is, if the lake 
with unresolved processes cannot be well simulated by calibrating 
the aforementioned three model parameters, it was excluded in this 
research. More details about CSFLake can be found in ref. 32.

We conducted two numerical experiments, that is, CTL and CFT. 
In CTL, hourly ERA5-Land was used to drive FLake and generate a real-
istic substitute of the real world from 1 January 1979 00:00 (UTC) to 
31 December 2022 23:00. The meteorological forcing required to run 
FLake (as described in ERA5-Land) includes 2-m air temperature (K), 2-m 
specific humidity (kg kg−1), 10-m wind speed (m s−1), surface pressure 
(Pa), surface solar radiation downwards (W m−2) and surface thermal 
radiation downwards (W m−2). Furthermore, it is essential to ensure 
that appropriate initial values are prepared for the model integration 
process. We assumed that each of the studied lakes were fully mixed 
at the start of our simulations. The temperature profiles for both the 
water column and sediment were determined by selecting the higher 
value between the annual mean air temperature in 1979 of ERA5-Land 
and the water temperature associated with maximum density. As obser-
vations during the initial starting point for all lakes are unavailable, we 
repeated the 1979–2022 simulation twice to provide the model with a 
spin-up period of 44 years to reach physically consistent states from 
roughly estimated initial states—this procedure is often referred to as 
a ‘perpetual year solution’. As suggested by the model’s official site, we 
turned off the snow module that is under development.

In CFT, the model parameters were the same as in CTL, except that 
HTEs were removed from the forcing data. When calculating the con-
tribution value for a specific region or all study sites, we followed three 
steps: (1) we computed the LSWT averaged across all the studied lakes 
in the desired region. These results are aggregations of LSWT from 
multiple lakes, denoted as aggLSWTCTL and aggLSWTCFT for CTL and CFT, 
respectively; (2) we computed the trends of aggLSWTCTL and aggLSWTCFT, 
which are denoted as aggTrendCTL  and aggTrendCFT; (3) we computed 
the contribution value according to the following equation:

aggTrendCTL − aggTrendCFT
aggTrendCTL

× 100% (2)

Time series analysis
The original simulation results from CTL and CFT were at hourly time 
intervals. We first removed LSWTs ≤ 1 °C (ref. 50) to exclude ice-cover 
periods. Then we calculated daily, summer and annual mean LSWT 
time series for comparisons and analyses. Theil–Sen estimator was 
used to compute long-term trends.

Detection of LHWs
We calculated LHWs following the definition in ref. 28, but without 
sampling and smoothing windows to avoid summer statistics being 
affected by LSWT in other months. If the time gap between two LHWs 
is less than 2 days, it is considered as one event that is interrupted and 
combined into one28. We selected two metrics to describe the length 
and severity of LHWs: the duration (days) and cumulative intensity (°C 
days). The cumulative intensity is defined as

n
∑
i=0

[T(i) − Tm(i)] (3)
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where i refers to each day of HTEs in 1 year, T refers to air temperature 
on day i and Tm refers to the climatological mean (relative to 1979–2022) 
air temperature on day i. We computed the total duration and mean 
cumulative intensity for LHWs in each year and summer to represent 
the interannual variation, and only summer statistics were used in the 
contribution analysis.

Validation of simulated LSWT and LHWs
The tuning procedure CSFLake substantially improves model perfor-
mance (Extended Data Fig. 2), narrowing correlation coefficients and 
RMSEs to a range of 0.89–0.99 [0.73, 0.99] and 0.9–1.8 [0.6, 2.0] °C (the 
variable distribution is given by the 2.5 and 97.5 percentiles, with the 
minimum and maximum values in the brackets), while elevating the 
correlation coefficient averaged over all lakes to 0.96 and lowering the 
RMSE to 1.4 °C. During the summer months, the simulations maintain 
a high degree of accuracy, despite slight decreases in correlation coef-
ficients attributed to the narrower range of LSWT variation. On average, 
the correlation coefficient and RMSE are 0.89 (0.70) and 1.3 °C (1.3 °C) 
across the studied lakes in the Northern Hemisphere (Southern Hemi-
sphere). To further validate the reliability of the simulation results, we 
conducted comparative assessments against other satellite products 
and in situ measurements from 29 lakes worldwide, achieving satisfac-
tory agreements (Extended Data Fig. 3).

We used satellite data as a reference to determine whether 
the model can simulate lake heatwaves. Specifically, we detected 
lake heatwaves from Lakes_cci and simulated LSWT from 2000 to 
2020 and compared their LHW metrics. We created data gaps in 
the modelled daily mean LSWT the same as Lakes_cci to ensure that 
LHWs detected from model results and satellite data can be directly 
compared. However, these data gaps make it difficult to satisfy the 
‘prolonged’ criteria in the definition of LHWs. To address this issue, 
we used a lower threshold of LHWs, which is used for the comparison 
only, that is, daily lake temperature exceeds the 60th percentile of 
the 2000–2020 distribution for at least three consecutive days. By 
detecting more LHWs, we can include data from a wider range of lakes 
in our comparisons.

Lakes_cci and CTL have good agreements for both LHW duration 
and cumulative intensity (Extended Data Fig. 6). From 2000 to 2020, 
the mean absolute bias of LHW duration and cumulative intensity 
were 0.7 days and 0.5 °C days. Mean LHW cumulative intensity and 
duration derived from simulation results and satellite observations 
exhibit correlation coefficients of 0.91 and 0.96, with RMSEs of 0.8 °C 
days and 1.2 days.

Data availability
ERA5-Land reanalysis is available to download from https://cds.cli-
mate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-land?tab=o
verview. Lakes_cci is available to download from https://data.ceda.
ac.uk/neodc/esacci/lakes/data/lake_products/L3S/v2.0. GloboLakes 
is available to download from https://catalogue.ceda.ac.uk/uuid/76
a29c5b55204b66a40308fc2ba9cdb3. GLTC is available to download 
from https://doi.org/10.6073/pasta/89bacfc9dfcabce545ae11b35
3a8e5fd. Daily LSWT in the CTL and CFT experiments and a table of 
lake characteristics are provided at https://doi.org/10.11888/Terre.
tpdc.301309 (ref. 51). Data used to create figures are available via 
Zenodo at https://doi.org/10.5281/zenodo.13189351 (ref. 52). Source 
data are provided with this paper.

Code availability
The source code of the FLake model can be found at http://www.flake.
igb-berlin.de. Codes used to generate figures in the manuscript are avail-
able via Zenodo at https://doi.org/10.5281/zenodo.13189351 (ref. 52).
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Extended Data Fig. 1 | Characteristics and distribution of the 1260 studied lakes. a-c Histogram of the average depth (log10[m], a), surface area (log10[km2],  
b), and elevation (m, c). d Spatial distribution of studied lakes.
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Extended Data Fig. 2 | Modelled vs. Lakes_cci LSWT during 2000–2020.  
a-b Number of available Lakes_cci data from 2000 to 2020 across all seasons (a) 
and in summer (b). Each range of the amount of validation data is presented on 
the x-axis, while the number of lakes falling into each category is depicted on 
the y-axis. c-f Correlation coefficients between FLake, CSFLake, and Lakes_cci 

throughout the year (c, e) and summer (d, f). g-j RMSEs (°C) between FLake, 
CSFLake, and Lakes_cci throughout the year (g, i) and summer (h, j). Note that 
there are four lakes not shown in FLake results (c, d) because they stayed frozen 
throughout the year.
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Extended Data Fig. 3 | Modelled vs. observed LSWT. a CSFLake vs. GloboLakes. 
b CSFLake vs. GLTC satellite data. c CSFLake vs. GLTC in situ data. d CSFLake vs. 
in situ data for seven Chinese lakes. The paired modelled and observed LSWT 

are daily means in a and d, and summer means in b and c. Each point represents 
the values of a paired CSFLake-observation data. The density of data is the 
normalized kernel density and is represented by the colour of points.
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Extended Data Fig. 4 | Validation of simulated LHW metrics from 2000 to 
2020. a-b The mean absolute errors (MAEs) between LHW cumulative intensity 
calculated from Lakes_cci and modelled LSWT. c-d MAEs between LHW duration 

calculated from Lakes_cci and modelled LSWT. All the metrics were averaged over 
2000–2020. In b and d, each point represents a lake; the density of data is the 
normalized kernel density and is represented by the colour of points.

http://www.nature.com/natureclimatechange


Nature Climate Change

Article https://doi.org/10.1038/s41558-024-02122-y

Extended Data Fig. 5 | The impact of HTEs on the intra-annual variability of LSWT. a Interannual variations of the intra-annual variability in CTL and CFT averaged 
over all studied lakes. The p values of trends were calculated using a two-tailed test. b-c Intra-annual variability trends (decade−1) for each lake in CTL (b) and CFT (c).
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Extended Data Fig. 6 | Changes of LHW metrics from 1979 to 2022. a-b Annual trends in LHW duration (a; days decade−1) and LHW cumulative intensity (b; °C days 
decade−1). c-d Summer trends in LHW duration (c; days decade−1) and LHW cumulative intensity (d; °C days decade−1).
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Extended Data Fig. 7 | Relationships between air temperature, HTE metrics, 
and LHW metrics in summer. LHW duration trend vs. air temperature trend (a). 
LHW duration trend vs. HTE cumulative intensity trend (b). LHW duration trend 
vs. HTE duration trend (c). LHW cumulative intensity trend vs. air temperature 
trend (d). LHW cumulative intensity trend vs. HTE cumulative intensity trend 
(e). LHW cumulative intensity trend vs. HTE duration trend (f). Only lakes with 

non-zero trends in LHW metrics are shown in a-f. Mean LHW duration vs. mean 
air temperature (g). Mean LHW duration vs. mean HTE cumulative intensity 
(h). Mean LHW cumulative intensity vs. mean air temperature (i). Mean LHW 
cumulative intensity vs. mean HTE cumulative intensity (j). Pearson correlation 
coefficients (r) are shown in the upper corner.
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Extended Data Fig. 8 | HTEs contributions to trends in summer LHW metrics for all studied lakes. a Interannual variations of LHW duration (days) averaged across 
all studied lakes in CTL and CFT from 1979 to 2022. b Same as a but for LHW cumulative intensity (°C days). The p values were calculated using a two-tailed test.
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