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A B S T R A C T

Wetlands account for nearly one-third of total global methane (CH4) emissions. Recent studies found that the 
change in substrate availability and microbial activities can cause positive hysteretic temperature sensitivity of 
wetland CH4 emissions, which could serve as a critical metric for model evaluation in terms of the timing of peak 
emissions and their underlying mechanisms. Here, we quantified the CH4 hysteresis across 25 eddy-covariance 
sites and compared it with those from 42 models, including 13 biogeochemical models, 22 atmospheric inversion 
models, and 7 machine learning models. We found 21 out of 25 sites exhibited positive hysteresis of wetland CH4 
emissions in temperate and arctic climate zones. The machine learning models showed a widespread negligible 
hysteresis pattern. While biogeochemistry and atmospheric inversion models displayed a prevalent positive 
hysteresis, the atmospheric inversions guided by observed CH4 concentrations estimated a larger positive hys
teresis than that of biogeochemistry models. Overall, most of CH4 models underestimated temperature hysteresis 
to different extents compared with the observations at 25 eddy covariance sites. Our research highlights the 
necessity of constraining the hysteretic temperature sensitivity of wetland CH4 emissions in process-based 
biogeochemistry and machine learning models, which will provide more reliable prior information for atmo
spheric transport and inversion modeling.

1. Introduction

Methane (CH4) is the second most important greenhouse gas after 
carbon dioxide (Stocker, 2013) in driving anthropogenic climate 
change. Wetlands emitted 159 [119–203] Tg CH4 yr− 1 globally during 
2010–2019, estimated using biogeochemistry models (bottom-up ap
proaches), accounting for nearly one-third of total global CH4 emissions 
(Jackson et al., 2024; Saunois et al., 2024). Understanding how wetland 
CH4 emissions respond to the environment is important for predicting 
whether the methane cycle will mitigate or accelerate climate change 
(Yvon-Durocher et al., 2014).

Wetland CH4 is produced through anaerobic decomposition of 
organic matter by methanogens in the anoxia and water-saturated soils 
(Zhuang et al., 2004). Then, a portion of the CH4 is oxidized to CO2 by 
methanotrophs in aerobic soil layers, while the rest is emitted into the 
atmosphere through diffusion, ebullition, or plant-mediated transport 
(Melton et al., 2013). Temperature, substrate availability, and anoxia 
extent are the most important factors controlling CH4 production, 
oxidation, and transportation processes (Saunois et al., 2024). For 

example, temperature controls microbial activities and CH4 production 
rates and the availability of substrates, such as organic material, which 
serves as the substrate for methanogenesis.

To quantify CH4 emission, bottom-up (BU) biogeochemical models, 
top-down (TD) atmospheric transport and inversion models, and ma
chine learning (ML) models were developed. ML models predict CH4 
emissions based on the observed relationship between predictors and 
CH4 emissions in the training dataset (Chen et al., 2024). BU models 
simulate the biogeochemical processes that control CH4 production, 
oxidation, and transportation (Zhuang et al., 2004), while the TD models 
are based on measured atmospheric concentrations to invert their 
sources and sinks (Bridgham et al., 2013). However, significant dis
crepancies exist among these models in representing CH4 processes and 
their environmental controls (Xu et al., 2016). The simplification of 
specific biogeochemical processes could lead to uncertainty and bias in 
the CH4 emissions simulation.

Hysteresis in CH4 emissions refers to a phenomenon where the 
response of CH4 emissions to a changing environmental factor depends 
not only on the current state of that factor but also on its past states or 
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history (Chang et al., 2020; Moore and Dalva, 1993; Updegraff et al., 
1998; Yavitt et al., 1987). Hysteresis between CH4 and temperature has 
been reported in previous incubation experiments (Updegraff et al., 
1998; Yavitt et al., 1987). Recent studies have further confirmed sub
stantial CH4-temperature hysteresis across global eddy covariance ob
servations (Chang et al., 2023, 2021). The presence of CH4-temperature 
hysteresis suggests CH4 production does not always respond directly or 
immediately to the current temperature change. Thus, to improve CH4 
emission simulations, hysteretic temperature sensitivity of wetland CH4 
emissions should be taken into account, but it remains unclear to what 
extent current CH4 models can capture the CH4-temperature hysteresis.

This study quantified the CH4 hysteresis across 42 CH4 emission 
models at 25 eddy-covariance (EC) sites. We then evaluated the ability 
of the wetland CH4 models to capture the hysteretic temperature 
sensitivity of wetland CH4 emissions. We aim to answer the following 
questions: (1) What is the hysteretic temperature sensitivity of wetland 
CH4 emissions in the Fluxnet-CH4 observations and model simulations? 
and (2) How well can models capture the observed hysteresis?

2. Method

2.1. Data

Site-level CH4 emission data were obtained from FLUXNET-CH4 and 
follow the CC-BY-4.0 policy (Delwiche et al., 2021). We selected the 
seasonal or permanent vegetated wetland but excluded paddy-rice, salt 
marsh, non-vegetated waterbodies, and drained sites (McNicol et al., 
2023). Following the above criterion, 25 eddy covariance sites were 
finally used in this study (Fig. 1; Table S1). For model comparision, we 
excluded the sites at the lower latitudes (30◦S–30◦N) because the sparse 
data might not be sufficient to support robust conclusions for these re
gions. Additionally, air temperatures in the lower latitudes are typically 
above 0 ◦C year-round, with no freezing and thawing cycles, whereas 
hysteresis is expected to occur during the freeze-thaw process. Lastly, 
the sites with data only after 2018 are excluded because the Global 
Carbon Project-Methane (GCP-CH4) model output only covers the range 
from 2000 to 2017. The raw daily CH4 emission data were converted to 
the monthly scale by averaging since most model outputs are at monthly 
resolution. To verify the robustness of the CH4-temperature hysteresis, 
the soil temperature data were processed in the same way and used to 
calculate hysteresis for comparison with air temperature.

Gridded CH4 emission data were obtained from 13 bottom-up 
biogeochemical models, 22 top-down models, and 7 machine learning 
models. The CH4 emission outputs from bottom-up models and top- 
down models were obtained from the GCP-CH4 project (Saunois et al., 
2020). The bottom-up models were uniformly forced by CRU-JRA 
meteorological data, following the GCP-CH4 protocol (Saunois et al., 
2020). The bottom-up CH4 emission products are at 0.5◦ spatial reso
lution and monthly temporal resolution (Saunois et al., 2020). The 
top-down models were forced by various meteorological data 
(Table S2). The top-down CH4 emission products are at 1◦ spatial 

resolution and monthly temporal resolution (Saunois et al., 2020). We 
also included two ML datasets. UpCH4 was upscaled from eddy covari
ance measurements from FLUXNET-CH4 using the random forest model 
driven by remote sensing vegetation index and meteorological data 
(McNicol et al., 2023). It is at 0.25◦ spatial resolution and global spatial 
coverage. The time period is from 2000 to 2018 at a monthly temporal 
resolution. Another ML-based dataset was adopted by Chen et al. (2024). 
It was upscaled from FLUXNET-CH4 and chamber sites using six ML 
models, including decision tree (DT), random forest (RF), extreme 
gradient boosting (XGB), artificial neural network (ANN), Gated 
Recurrent Units (GRU) and Long Short-Term Memory (LSTM). The 
models were driven by meteorological data, soil properties, and eleva
tion data. This product is at 0.5◦ spatial resolution and global spatial 
coverage. The time period is from 2000 to 2020 at monthly temporal 
resolution.

To be consistent, gridded air temperature from the ERA5 reanalysis 
climatic data set (Hersbach et al., 2020) was used to calculate the 
modeled hysteresis between modeled CH4 emission and air temperature. 
ERA5 was originally at 0.25◦ spatial resolution and monthly temporal 
resolution and was then resampled to align with the modeled CH4 
emission data. Although the forcing temperature varied from models, 
the hysteresis patterns are consistent because there are no significant 
time lags among the different temperature forcing datasets used in the 
CH4 models (Fig. S1).

2.2. CH4 emission hysteresis

We first selected the frost-free season as the period of interest. For 
observation, the frost-free season was identified as the period when the 
FLUXNET-CH4 air temperature is above 0 ◦C. For model simulation, the 
frost-free season was identified as the period when the ERA5 air tem
perature was above 0 ◦C. The frost-free season was then separated by 
maximum seasonal temperature (Tmax) into two segments. The data 
points observed before Tmax were identified as the earlier part, while the 
points after Tmax were identified as the later parts. Then, we fitted 
monthly measurements of CH4 emissions and air temperatures with a 
quadratic equation Eq. (1) (Chang et al., 2021) for the earlier part 
(FCH4 ,earlier(T)) and later part (FCH4 ,later(T)), exemplified as red and blue 
lines in Fig. 2c and d: 

FCH4 (T) = ahysT2 +

(
FCH4 , Tmax

Tmax
− ahysTmax

)

× T (1) 

where FCH4 (T) represents CH4 emission, T represents monthly mean air 
temperature, Tmax represents maximum seasonal air temperature, 
FCH4 , Tmax represents CH4 emission measured at maximum seasonal air 
temperature and ahys represents the hysteresis parameter that de
termines the quadratic function.

To quantify the magnitude of CH4 emission hysteresis, we calculated 
the normalized area (HA) enclosed by the earlier period model 
(FCH4 ,earlier(T)) and the later period model (FCH4 ,later(T)): 

Fig. 1. Location and wetland type of 25 EC sites. Symbol colors represent the wetland type. The wetland fraction was derived from the WAD2AM (Zhang et al., 2021) 
wetland distribution map.
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HA =

∫ Tmax
0

(
FCH4 ,later(T) − FCH4 ,earlier(T)

)
dT

max
(
abs

(
FCH4 ,earlier(T), FCH4 ,later(T)

))
Tmax

(2) 

2.3. Model comparison

To evaluate the ability of the model to estimate the CH4 hysteresis, 
we first extracted the modeled CH4 emissions values of the grid cells 
where the eddy-covariance sites are located. Then, we followed the same 
approach (Eqs. 1 and 2) to calculate modeled hysteresis. Finally, the 
mean bias errors (MBE) between modeled and observed hysteresis were 
calculated as follows: 

MBE =
1
n
∑n

i
(ĤA i − HAi) (3) 

The symbols used in Eq. (3) denote modeled hysteresis (ĤA i), 
observed hysteresis (HAi), and number of sites (n).

3. Results

3.1. Seasonal CH4 emission hysteresis at EC sites

Fig. 2 shows examples of two EC sites with different patterns of CH4 

emission hysteresis. The dynamics of CH4 emissions usually followed the 
change in air temperature and showed an exponential relationship with 
air temperature. However, for those sites with positive hysteresis, the 
peaks of CH4 emissions tended to occur after the maximum temperature 
(Fig. 2a). For example, at site CA-SCB, its maximum air temperature 
occurred in July, while the peak CH4 emissions occurred in August 2014 
(Fig. 2a). Furthermore, the time-dependent CH4-temperature relation
ship varied from earlier to later parts of the thawed season. At site CA- 
SCB, the area enclosed by the later period model (FCH4 ,later(T)) was 
larger than the earlier period model (FCH4 ,earlier(T)), with a positive ahys in 
the earlier part and a negative ahys in the later part (Fig. 3a). It indicated 
that CH4 emissions are higher in the later frost-free season at the same 
air temperature (Fig. 2c), known as a positive seasonal hysteresis.

Positive seasonal CH4-temperature hysteresis was observed at most 
sites recorded in the FLUXNET-CH4 database (Fig. 3b). Negative tem
perature hysteresis is only observed among sites DE-Hte, DE-Zrk, US- 
Orv, and US-Tw5 (Fig. 3b). The CH4 emissions of these sites could be 
controlled by other variables (e.g., water table depth or salinity) rather 
than temperature, in which case hysteresis would not apply 
(Chamberlain et al., 2020; Chang et al., 2021).

Hysteresis between CH4 emissions and soil temperature is also 
observed at most eddy covariance sites (Table S3). Only 3 (out of 25) 
sites exhibit different signs of hysteresis with air temperature, namely 

Fig. 2. Observed temperature sensitivity and time series of wetland CH4 emissions at sites CA-SCB and DE-Hte. The data points used for (c) and (d) are marked with 
dots in (a) and (b).
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DE-SfN, US-BZF, and US-Los (Table S3). The rest of the sites show the 
same signs of hysteresis except sites US-DPW and US-LA2, which don’t 
provide soil temperature measurements. Therefore, the observed hys
teresis is prevalent across at least 20 sites, regardless of whether air 
temperature or soil temperature is used. We focus on air temperature 
rather than soil temperature in the following sections, as air temperature 
data is generally available and continuous at observational sites.

3.2. Seasonal CH4 emission hysteresis among CH4 models

ML, BU, and TD models had varying abilities to capture the observed 
hysteresis (Fig. 4). Taking site CA-SCB as an example, ML models 
simulated negative hysteresis (− 0.12) (Fig. 4a), which was the opposite 
of the observed positive hysteresis (0.45). BU models (0.23) and TD 
models (0.37) captured the positive hysteresis with underestimation 
(Fig. 4b–c). As for site DE-Hte, ML, BU, and TD models can simulate the 
observed negative hysteresis (− 0.23), and BU models gave a closer 

Fig. 3. Observed (a) temperature sensitivity (ahys) and (b) CH4-temperature hysteresis at EC sites.

Fig. 4. ML (a,d), bottom-up (b,e), and top-down (c,f) modeled temperature sensitivity of wetland CH4 emissions at CA-SCB (upper panel) and DE-Hte (lower panel). 
The light-colored lines represent the quadratic equation for the earlier part (FCH4 ,earlier(T)) and the later part (FCH4 ,later(T)), calculated from individual models, while 
the dark-colored lines represent the model average.
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estimation (− 0.24) (Fig. 4d–f). It should also be noted that there is a 
large uncertainty in the hysteresis estimates even within the same 
category of the models (Fig. 4).

Overall, ML models displayed negative hysteresis in the Russian Far 
East and Western China while positive hysteresis in the rest (Fig. 5a). BU 
models displayed mainly positive hysteresis for areas north of 45◦N 
latitude while mainly negative hysteresis in the rest (Fig. 5b). TD models 
displayed a similar spatial pattern as BU models but with a larger 
magnitude (Fig. 5c).

3.3. Model comparison

Observed CH4 emissions had higher positive hysteresis in the high- 
latitude regions (>60◦N) than in the middle latitudes (30–60◦N) 
(Fig. 6a). The intra-seasonal changes in emergent CH4-Tair dependence 
vary substantially among wetland types (Fig. 6b). Bog and wet tundra 
sites had higher positive hysteresis than fen and marsh, especially all wet 
tundra sites have positive hysteresis (Fig. 6b). These patterns were 
captured by modeled CH4 emissions, but the magnitude of hysteresis 
was underestimated (Fig. 6).

More than half of the models underestimated CH4-temperature 
hysteresis (Fig. 7). For bog, all ML models, 11 of 13 BU models, and 20 of 
22 TD models underestimate the hysteresis of the bog sites (Fig. 7). For 
fen, 6 of 7 ML models, 9 of 13 BU models, and 12 of 22 TD models 
slightly underestimated the hysteresis (Fig. 7). For marsh, 6 of 7 ML 
models, 6 of 13 BU models, and 10 of 22 TD models underestimated the 
hysteresis (Fig. 7). For wet tundra, all ML models, 7 of 13 BU models, 
and 7 of 22 TD models underestimated the CH4-temperature hysteresis 
(Fig. 7).

4. Discussion

4.1. Factors modulating CH4-temperature hysteresis

The magnitude and variability of CH4 emissions are strongly influ
enced by various environmental conditions, physiological processes, 
and microbial dynamics through the CH4 production, oxidation, and 
transport processes. Various factors can contribute to hysteresis, and one 
widely accepted explanation is microbial substrate-mediated CH4 pro
duction supported by previous incubation experiments (Updegraff et al., 
1998, 1995; Valentine et al., 1994; Yavitt et al., 1987) and model 

simulations (Chadburn et al., 2020; Chang et al., 2020; Tang and Riley, 
2015). The experiments reported by Yavitt et al. (1987) revealed that 
the thermal history of the substrate modulated the response of CH4 
emissions to temperature change as soil samples collected in different 
seasons exhibited significantly different CH4 emission rates, even under 
isothermal incubation conditions. Furthermore, in the experiments re
ported by Updegraff et al. (1998), soil samples were collected from the 
same location at different times during the season and incubated under 
controlled environmental conditions (e.g., moisture, pH, and oxygen). 
They found that CH4 production rates were higher, and hysteresis was 
most pronounced during the early post-thaw season when more labile 
substrates were available (Updegraff et al., 1998). It suggested the 
hysteresis effect is closely linked to the seasonal differences in microbial 
communities and substrate availability (Updegraff et al., 1998), as the 
primary role of temperature is regulating substrate supply through 
fermentation rates in CH4 production (Updegraff et al., 1995; Valentine 
et al., 1994).

Moreover, the model simulations also suggested that microbial 
process and substrate availability mediated the CH4-temperature hys
teresis (Chadburn et al., 2020; Chang et al., 2020; Grant, 1998; Tang and 
Riley, 2015). The ecosys model is one of the few existing models that 
comprehensively represent key CH4 processes and mechanisms, 
including microbial activity and two primary substrate pathways: ace
tate and single-carbon compounds (Grant, 1998; Xu et al., 2016). The 
ecosys simulation showed that the CH4-temperature hysteresis was 
mainly dominated by CH4 production rather than oxidation, as the 
modeled CH4 production is the highest while the CH4 oxidation rate is 
relatively low during the thawed season when the hysteresis is the most 
pronounced (Chang et al., 2020). Also, the hysteresis might be closely 
linked to substrate availability because the modeled substrate avail
ability also peaks after the maximum temperature, exhibiting a similar 
pattern of CH4 production (Chang et al., 2020). Moreover, Chadburn 
et al. (2020) incorporated microbial modules into the standard JULES 
model. The JULES-microbe model reduced the root mean squared error 
of modeled CH4 emissions by 10–25 % and successfully reproduced the 
observed CH4-temperature hysteresis (Chadburn et al., 2020). These 
lines of evidence suggest that the inadequate inclusion of substrate 
availability and microbial dynamics might be the main cause of the 
underrepresentation of the hysteresis effect in the CH4 models.

On the other hand, some other factors could also modulate the 
hysteretic effect between temperature and CH4 emissions, such as water 

Fig. 5. Spatial distribution of multi-model ensemble mean (a,b,c) and standard deviation (d,e,f) of CH4 emission hysteresis.
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table depth (Brown et al., 2014; Moore and Dalva, 1993), gross primary 
productivity (Mitra et al., 2020; Rinne et al., 2018) and vegetation 
composition (Olefeldt et al., 2013; Pangala et al., 2017). For example, 
previous research reported hysteresis between water table depth and 
CH4 emissions due to the release of CH4 from pore spaces and bubbles 
(Moore and Dalva, 1993). Also, the time lag in the conversion from gross 
primary production to substrate could also raise hysteresis between 
gross primary production and CH4 emissions (Rinne et al., 2018). 
However, the available observation is insufficient to support compre
hensive and mechanistic explanations for the CH4-temperature hyster
esis. In the future, additional incubation experiments and field 
observations on the above factors are necessary to incorporate these 
potential phenomena and control mechanisms into mechanistic expla
nations, thereby improving model calibration and parameterization.

4.2. Current model representation of hysteretic temperature sensitivity of 
wetland CH4 emissions

ML models leverage the given environmental predictors to estimate 
CH4 emissions based on observed patterns and correlations. UpCH4 and 

Chen2024 products used similar predictors. Specifically, UpCH4 was 
driven by air temperature, precipitation, enhanced vegetation index, 
and vegetation canopy height (McNicol et al., 2023). The Chen2024 
products were driven by air temperature, precipitation, surface down
ward solar radiation, relative humidity, soil properties, elevation, and 
wetland type (Chen et al., 2024). UpCH4 relatively outperforms the 
Chen2024 product likely because UpCH4 additionally incorporates 
time-lagged EVI and air temperature besides the common predictors 
used by both products. In UpCH4, EVI might serve as a proxy for sub
strate availability, and time-lagged temperature might capture the ef
fects of thermal history, which together help capture the hysteretic 
temperature sensitivity of wetland CH4 emissions.

The BU biogeochemical models were developed for a variety of 
purposes and with a tradeoff between having an explicit representation 
of mechanisms and appropriate model complexities (Evans et al., 2013; 
Tang and Zhuang, 2009). Most of the BU models represent the rela
tionship between CH4 production and substrate availability using a 
function that links CH4 production with heterotrophic respiration or soil 
organic matter content and is constrained by multiple environmental 
factors (Table S4). For example, the LPJ family models defined CH4 

Fig. 6. Violin plots of hysteresis at sites. In the x-axis, “high” represents high latitudes, and “middle” represents middle latitudes regions.

Fig. 7. Mean bias errors between modeled and observed hysteresis. The model with the smallest absolute mean bias error of each ecosystem is highlighted by the red 
rectangle. The average observed hysteresis is presented in the last column.
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production as heterotrophic respiration multiplied by response func
tions related to temperature and water content (Hodson et al., 2011; 
Spahni et al., 2011; Wania et al., 2010, 2009). The second group of 
models represents the substrate pool by dissolved organic carbon or soil 
organic carbon (Table S4). For example, DLEM defined CH4 production 
as dissolved organic carbon multiplied by the response functions of 
temperature, pH, and water content (Tian et al., 2015, 2010). In either 
case, the CH4 production is usually dependent on the temperature at the 
given time point (e.g. PCH4 = f(T)t + ε) using a linear function or Q10 
function (Table S4). However, previous research suggested that sub
strate availability at any given point in time would reflect the both 
previous and current temperature regime (Moore and Dalva, 1993; 
Updegraff et al., 1998). Thus, the history of change in temperature 

(
∫t

τ=0

g(Tτ)dt) should be considered in the temperature response function 

(e.g. PCH4 = f(T)t +

∫t

τ=0

g(Tτ)dt+ε). Additionally, the microbial modules 

have not been included in the examined models (Xu et al., 2016).
TD models underestimate hysteresis less than the BU models and ML 

models could be because they used satellite or surface CH4 observations 
to constrain CH4 emissions besides prior estimates from BU models. 
More accurate BU and ML estimates are an important prerequisite to 
further improve the capability of TD models in simulating temperature 
hysteresis since TD models strongly rely on the prior BU/ML emission 
estimates in their inversion framework (Houweling et al., 2017; Inoue 
et al., 2016; Maasakkers et al., 2021).

4.3. Implication for modeling wetland CH4 emissions

The inadequate inclusion of the hysteresis effect on CH4 emission 
results in a 11.6 % overestimation of CH4 emissions in the earlier period 
and an 4.2 % underestimation in the later period at middle latitudes 
(Fig. S2a). The bias is more pronounced at high latitudes, with a 40 % 
overestimation in the earlier season and a 14.1 % underestimation in the 
later season (Fig. S2b). These discrepancies could result in uncertainty in 
our understanding and projections of climate change impacts since CH4 
emissions are a critical component of the global carbon budget and 
climate feedback mechanisms (Saunois et al., 2017, pp. 2000–2012; Van 
Vuuren et al., 2011). Additionally, without accounting for the hysteresis, 
CH4 models could fail to reproduce seasonal variation patterns of CH4 
emissions. For example, modeled CH4 emissions might peak earlier than 
the actual time point, limiting the ability to identify the actual hotspots 
and seasonal peaks.

Advanced time series models (e.g., recurrent neural networks or 
transformers) are promising to improve the ability of the ML model to 
simulate hysteretic temperature effects. They are designed to learn 
short- and long-term dependencies in time-series data and remember 
information for prolonged periods of time (Hochreiter and Schmid
huber, 1997). They should be able to learn the change of temperature 
sensitivity when methanogen biomass and substrate are changing over 
time. A current attempt has been successfully implemented through a 
causality-guided ML model and demonstrated at 30 wetland sites (Yuan 
et al., 2022). Besides the improvement of the model structure, it is also 
important to constrain the black-box ML models with biogeochemical 
knowledge of methane dynamics (Liu et al., 2024, 2022). For example, 
Liu et al. (2022) developed a knowledge-guided machine learning 
framework by constraining recurrent neural networks by incorporating 
bio-geophysical and chemical domain knowledge from the ecosys model.

For BU models, using the modified Boltzmann–Arrhenius function to 
represent temperature may be a solution to capture the hysteretic re
sponses of CH4 emissions since it considers the exponential relationship 
between metabolic rate and temperature rather than a static tempera
ture function (Chang et al., 2020; Yvon-Durocher et al., 2014). For 

example, ecosys can simulate the declining Q10 of heterotrophic respi
ration with increasing soil temperature using a modified Arrhenius 
function that includes the terms for low- and high-temperature inacti
vation (Grant, 2015). Current efforts are also devoted to incorporating 
microbial dynamics into BU models (Oh et al., 2020; Wang et al., 2019; 
Xu et al., 2015). The improvement of ML models and BU models will 
further help improve TD models by providing more reliable prior 
information.

5. Conclusion

This research quantified the CH4 temperature hysteresis metric 
across 25 eddy-covariance sites and compared it against the estimates 
from 42 CH4 emission models. We found that 21 out of 25 sites exhibited 
positive hysteresis of wetland CH4 emissions covering both temperate 
and arctic climate zones. ML models displayed a widespread small 
magnitude of hysteresis. BU and TD models displayed prevalent positive 
hysteresis, and TD models estimated a larger positive hysteresis than 
that of BU models. However, the modeled CH4 emissions overall 
underestimated temperature hysteresis compared with the observations 
among 25 eddy covariance sites. Our research highlights the necessity of 
constraining the hysteretic temperature sensitivity of CH4 emissions by 
including substrate availability and microbial activity in BU models as 
well as considering time-lagged controls and physical constraints in ML 
models. They will further help improve TD models by providing more 
reliable prior information.
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