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Key Points:
1. We trained a deep learning model to predict daily soil CO; efflux using fine temporal
resolution data from 82 diverse sites across the globe;
2. The model performed best in temperate mesic ecosystems with cyclical data patterns driven
by seasonal temperature variations;
3. The model performed poorly at sites with little data and noncyclical temporal patterns, and
struggled to capture pulses and seasonal peaks/troughs.

Abstract. Soil CO: efflux, the largest flux of COz to the atmosphere, is expected to rise globally
under climate change. Its magnitude and temporal variability are highly uncertain, and daily-scale
models capturing rapid changes to environmental drivers remain rare. We used a global database
of soil CO; efflux (total observations = 7,797,535 from 2002-2020) to train a deep learning model
(Long Short-Term Memory, LSTM) to predict daily soil CO. efflux in 82 sites across gradients of
climate, soil type, and land cover. The model achieved a median train and test Nash Sutcliffe
Efficiency (NSE) of 0.54 and 0.02, respectively, and Kling Gupta Efficiency (KGE) of 0.67 and
0.30, respectively. The model performed well (NSE > 0.5 and KGE > 0.3) at about one-third of
sites, mainly in temperate mesic ecosystems (where most training sites were located) with cyclical
data patterns driven by temperature. The model performed poorly at sites with little data and
noncyclical temporal patterns, mostly at extreme climates including arid, Arctic/boreal, and
tropical ecosystems. The model struggled to capture soil CO. efflux pulses and peaks/troughs,
highlighting the challenges of modeling extremes in time series. Our results demonstrate that
LSTM models can leverage existing data to generate synthetic daily datasets, particularly for
temperate mesic regions, but also underscore the challenges of learning relationships from a
spatially biased dataset. To improve model performance, future data collection should prioritize 1)
historically underrepresented ecosystems with variable temperature relationships; 2) conditions
under extreme weather events that may become disproportionally impactful in a warming climate.

1. INTRODUCTION

Soil CO; efflux, often referred to as soil respiration, is the flux of CO; between soil and the
atmosphere driven by subsurface heterotrophic and autotrophic respiration and chemical
weathering reactions (Rey, 2015). Annual soil COz efflux reaches 75-100 Pg C yr'!, making it the
largest flux of CO; to the atmosphere and the second largest terrestrial carbon flux behind
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photosynthesis (Hashimoto et al., 2023). Soil CO> efflux can determine net terrestrial-atmospheric
carbon balances from ecosystem (Desai et al., 2022) to global scales (Ballantyne et al., 2017; Metz
et al., 2023) and is rising under global warming (Arora et al., 2013; Hashimoto et al., 2023; Lei et
al., 2021). However, the magnitude and spatial-temporal variation of this rise has remained highly
uncertain (Bond-Lamberty, 2018; Bond-Lamberty et al., 2016; Nissan et al., 2023; Varney et al.,
2022). It remains unclear to what degree we will experience net soil carbon losses under climate
change (van Gestel et al., 2018).

Many global models use bottom-up approaches, in which soil CO; efflux is predicted from
empirical (e.g., Schlesinger, 1977), statistical (e.g., Bond-Lamberty & Thomson, 2010), or
machine learning-inferred (e.g., Warner et al., 2019) relationships based on drivers such as
temperature and precipitation (Raich et al., 2002). Global soil CO; efflux is usually estimated using
annual scale data (Bond-Lamberty et al., 2024; Hashimoto et al., 2023), which has greatly
advanced our understanding of its spatial-temporal patterns and sensitivities to environmental
drivers. However, annual-scale data suffers from challenges including the temporal bias of
measurements towards warmer seasons (Burton et al., 2004; Chang et al., 2009; Duiker & Lal,
2000; Janssens et al., 1998), nonlinearity in relationships with drivers (Jian et al., 2018), and spatial
(Luo & Zhou, 2006; Song et al., 2013; Wang et al., 2021; Zhang et al., 2023; Zhao et al., 2017)
and/or temporal non-stationarity (Bond-Lamberty et al., 2019; Vargas et al., 2010). Annual soil
CO; efflux data are also known to be highly spatially biased (Bond-Lamberty et al., 2024; Stell et
al., 2021; Xu & Shang, 2016), creating a further source of error. Perhaps unsurprisingly, estimates
of global annual soil CO; efflux between different global models can differ dramatically, making
this flux one of the most uncertain in global carbon cycle models (Hashimoto et al., 2023; Nissan
et al., 2023; Varney et al., 2022).

Developing models at finer temporal scales has the potential to help reduce uncertainties in the
global carbon cycle (Friedlingstein et al., 2024) by lowering the bias of coarser temporal
measurements and by yielding more accurate understandings of the relationships between soil CO:
efflux and drivers such as temperature, soil moisture, and vegetation at sub-annual scales (Jian et
al., 2018). Jian et al. (2018) found notable differences in the magnitude of global soil CO; efflux
between models constrained with annual, monthly, and daily data, with the use of monthly data
reducing annual predictions by 7.43-9.46 Pg C, and daily-scale data by a further 1.82 Pg C.
However, statistical models at such sub-annual scales remain uncommon (Hashimoto et al., 2015;
Jian et al., 2018, 2022; Raich et al., 2002; Raich & Potter, 1995), and daily-scale global statistical
models are rare (Adachi et al., 2017; Jian et al., 2018).

Acquisition of soil CO; efflux data has substantially advanced in recent decades with the
technological advance of automated chambers enabling high-frequency, continuous measurements
(Bond-Lamberty et al., 2024; Goulden & Crill, 1997; Irvine & Law, 2002; Rayment & Jarvis,
1997; Vargas et al., 2011). These datasets have enabled major advances in understanding the
drivers of soil CO» efflux on seasonal, daily, and sub-daily scales (e.g., Carbone & Vargas, 2008;
Gaumont-Guay et al., 2014; Misson et al., 2010; Thomey et al., 2011; Vargas et al., 2011; Vargas
& Allen, 2008). These data have been compiled into a global database called COSORE with sites
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covering gradients of climate, land cover, and soil types (Bond-Lamberty et al., 2020), enabling
large-scale syntheses (e.g., Anjileli et al., 2021).

In addition to advances in data collection, deep learning has emerged as a powerful tool for
inferring relationships between input and output variables by learning simultaneously from data in
many sites under diverse conditions (Fang et al., 2022; Kratzert et al., 2019; Zhi et al., 2023).
Although deep learning models alone cannot be used to gain an understanding of underlying
processes (Perry et al., 2022), they have become increasingly applied in earth sciences for large-
scale predictions of, for example, soil moisture (Fang et al., 2017), stream flow (Feng et al., 2020),
stream dissolved oxygen (Zhi et al., 2023), rainfall-runoff relationships (Kratzert et al., 2018), and
floods (Nearing et al., 2024). The Long Short-Term Memory (LSTM) model, a recurrent neural
network model that can retain temporal information, has emerged as a powerful deep learning
model for time series prediction (Hochreiter & Schmidhuber, 1997). It has been used to predict
half-hourly-scale soil CO; efflux in dryland ecosystems (Jiang et al., 2022) and daily-scale
ecosystem respiration in the Western United States (Chen et al., 2021).

Given these recent advances in data collection and deep learning models, we ask the following
questions: (1) can we train a single deep learning model for daily soil CO> efflux in sites across
gradients of climate and land cover type? (2) What are the dominant drivers of model performance?
Based on previous work on the drivers of soil CO» efflux (Jiang et al., 2022; Warner et al., 2019),
the impact of data bias (Bond-Lamberty et al., 2024; Stell et al., 2021; Xu & Shang, 2016), and
the challenges of modeling hot moments (Bernhardt et al., 2017; McClain et al., 2003; Savage et
al., 2014; Vargas et al., 2018; Wutzler et al., 2020), we hypothesize that (1) the model will perform
better in sites with many years of data and in temperate climates with strong responses to
temperature; and (2) the model will perform poorly at sites with a relatively shorter time series of
data and noncyclical, highly stochastic data patterns resulting from weak relationships with
temperature.

2. METHODS
2.1. Data Acquisition

The COntinuous SOil REspiration (COSORE) database version 0.7 (Bond-Lamberty et al.,
2020) was downloaded in June 2024 (https://github.com/bpbond/cosore/releases). We used 82 out
of the 85 total sites in the database, with two sites only reporting methane measurements and one
site outside of the temporal range of predictor data (Figure 1). The northern hemisphere is far more

represented (Figure la). There are many represented International Geosphere-Biosphere
Programme (IGBP) land cover types (Loveland et al., 2000) (Figure 1b), with the top three being
deciduous broadleaf forests, evergreen needleleaf forests, and evergreen broadleaf forests. Many
land cover types only have one or two representative sites.

The sites cover a wide range of the mean annual temperature and precipitation climate
space, although fewer sites have cold and dry or wet and warm climates (Figure 1c). A Budyko
plot (Budyko, 1974) (Figure 1d) shows potential evapotranspiration/precipitation (PET/P, the
aridity index) versus evapotranspiration/precipitation (ET/P, the evaporative index). Most sites are
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humid (PET/P < 1), but there is ample representation of arid sites (PET/P > 1). Open shrublands,
grasslands, woody savannas, savannas, desert woodlands, and croplands emerge as water-limited
land cover types. The database covers 2003-2020 (Figure le), with the temporal coverage of
individual sites ranging from 1-10 years.
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Figure 1. (a) Global spatial distribution of the 82 sites in the COSORE database used to train the model, color-coded
by the International Geosphere-Biosphere Programme (IGBP) land cover classification of the site (Loveland et al.,
2000); (b) Number of sites in each land cover type; (¢) Sites plotted according to their mean annual temperature (MAT)
versus mean annual precipitation (MAP); (d) Mean annual ET/P (evaporative index) versus mean annual PET/P
(aridity index) (Budyko, 1974). The inset figure zooms in on sites with PET/P < 1, or humid sites. Sites with PET/P
> 1 are water-limited or arid. Three Budyko curves with B =1, 2, and 3 are plotted as references. (¢) Time coverage
of data in all sites in the COSORE database with available CO» data, ordered by the date of the first data entry.
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COSORE includes static attributes such as latitude, longitude, elevation, and IGBP land
cover classification for each site. However, the database lacks accompanying time series data for
predictor variables at the same temporal scale as soil CO; efflux data. Previous work has shown
that temperature (Kétterer et al., 1998; Kirschbaum, 1995; Lloyd & Taylor, 1994; Reichstein et
al., 2000; Singh & Gupta, 1977), soil moisture (Carlyle & Than, 1988; Howard & Howard, 1993;
Huang et al., 2020; Janssens et al., 2001; Norman et al., 1992; Raich & Potter, 1995), vegetation (
Huang et al., 2020; Janssens et al., 2001; Norman et al., 1992; Raich & Potter, 1995), and soil
properties (Haaf et al., 2021) are the main drivers of soil CO; efflux. We extracted time series of
these predictor variables from remote sensing datasets from 01-01-2003 to 29-02-2020 using
primarily Google Earth Engine (SI Table 1). Remote sensing data were extracted from a grid cell
centered at each site’s latitude and longitude with the finest possible scale for each remote sensing
product. For example, for a data product with a 250 m resolution, we extracted data over a square
cell with 250 m sides centered at the latitude/longitude of the site.

For temperature, we used MODIS daily daytime and nighttime land surface temperature
(LST) at a spatial scale of 1000 m (https://doi.org/10.5067/MODIS/MOD11A1.061) and gap-filled
and interpolated it to a daily temporal resolution (Shiff et al., 2021). We also used daily minimum
and maximum air temperature from the Global Seamless High-resolution Temperature Dataset
(GSHTD) at a spatial scale of 1000 m (Yao et al., 2023).

Hourly precipitation data were summed for each day from ERAS5-Land at a spatial scale of
about 11 km (https://doi.org/10.24381/cds.68d2bb30). We also used volumetric soil water content
from 0-7 cm depth and 7-28 cm depth from the same mission, at the same spatial scale, and
averaged for each day.

We used MODIS 8-day evapotranspiration (ET) and potential evapotranspiration (PET) at
a spatial scale of 500 m (https://doi.org/10.5067/MODIS/MOD16A2.061) because some studies
have found a significant correlation between ET and soil CO> efflux (Raich & Schlesinger, 1992).
Quality flags were used for each data point to mask bad quality data, data from dead detectors,
significant cloud cover, and the lowest confidence data.

For vegetation, we calculated normalized difference vegetation index (NDVI) using bands
3 and 4 of the USGS LANDSAT 7 Level 2, Collection 2, Tier 1 dataset at a spatial scale of 30 m
(doi.org/10.5066/P9C7113B). Negative NDVI values were removed, as they represent barren
surface or water that did not make physical sense. We also used leaf area index (LAI) and fraction
of photosynthetically activate radiation (FPAR) from MODIS at a spatial scale of 500 m and a
temporal scale of 4 days.

All remote sensing products were cleaned using quality flags where available as described
in their original data descriptors. Because the LSTM model requires all predictor data to be
continuous, we used a simple linear interpolation method to gap-fill missing data to a daily
resolution.

We extracted soil properties including soil organic content, sand, silt, clay content, and
bulk density, as static site attributes from the SoilGrids2.0 global product (Poggio et al., 2021) at
250 m resolution. Mean annual precipitation and temperature were extracted at 1000 m resolution
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from 1970-2000 from WorldClim version 2 (Fick & Hijmans, 2017). We also used elevation
(meters above sea level), latitude, and longitude from the COSORE database as static site
attributes.

Before model training, we first filtered out soil CO> efflux values from the raw target dataset
above the 99 percentile or below the 1% percentile of data in each IGBP land cover type. Data are
at a sub-daily scale (2 minutes to 1.5 hours), which we aggregated to the daily scale using the
arithmetic mean for each day. We pre-processed the data by applying an arcsinh transformation, a
commonly used pre-processing approach for data with negative or zero values (Burbidge et al.,
1988; MacKinnon & Magee, 1990) which softens extreme values to help with model training. We
used the equation D* = In(D + (1+D?)""?), where D* represents transformed data and D represents
raw data. We then applied a minimum/maximum scaling to all data using the global minimum and
maximum (Dmin and Dmax) of each predictor, target, and static data across all datasets. For this we
used the equation D*® = (D* — D*1in) / (D*max — D*min), where D*° represents scaled data.
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Figure 2. (a) Inputs to the LSTM model include the time series of target data (soil CO; efflux data), predictor data,
and static site attributes for all sites. (b) Diagram of LSTM model structure. Inputs from the current time step x; and
the hidden state of the previous time step he.; (a “short-term” view of the state of the model) are carried through four
gates: the forget gate, the input gate, the input node, and the output gate. The forget gate decides what information
from the past to discard, the input gate and input node decide what information from the present to let through, and
the output gate decides what information to output to future time steps. At each time step, the model outputs the hidden
state of the model, the cell state of the model (a “long-term” view of the state of the model), and the desired output.
(c) An example of a simulated output time series. The model can predict the entire time series of input predictor data,
which in this model is from roughly 2003 to 2020.
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2.2. Model Architecture

We used an LSTM model, a type of recurrent neural network that excels at resolving the
problem of vanishing gradients and predicting sequential time series (Greft et al., 2017; Hochreiter
& Schmidhuber, 1997; Shen, 2018). We chose to develop one single general model, following the
common consensus about the power of “data synergy” effects: deep learning models perform better
when they use data from diverse sites (Fang et al., 2022; Nearing et al., 2024; Nearing et al., 2021).
Single LSTM models trained on many sites, often in the order of hundreds to even thousands of
sites with daily data across decades, have been shown to perform better than models trained for
individual sites and often outperform traditional process-based models that use parameters
calibrated individually for every site (Nearing et al., 2021).

LSTM predicts each time step based on the cumulative influence of all previous time steps.
Through a series of four model “gates,” the model computes which data from the past to
“remember” or carry forward for future predictive power and which data to “forget.” (Figure 2).
The input x includes time series of all predictor variables (daytime land surface temperature, daily
minimum and maximum temperature, precipitation, soil moisture, evapotranspiration, potential
evapotranspiration, leaf area index, NDVI, fraction of photosynthetically active radiation, and
wind speed) and static site attributes (latitude, longitude, elevation, MAP, MAT, soil organic
carbon content, sand, silt, and clay content, and soil bulk density) for each site.

At each time step t, the model outputs the cell state c; (the “long-term” memory of the model),
the hidden state ht (the “short-term” memory of the model), and the final output yt, which is the
predicted soil CO; efflux at daily scale for each site (Figure 2). The error between the output y and
the corresponding soil CO; efflux data is used to inform the tuning of model weights during each
step of training (more details in the Supplementary Information Equations 1.1-1.8). We adapted
code used in Zhi et al. (2023) to train our model, which implemented an LSTM architecture
through the open source hydroDL code (https://github.com/mhpi/hydroDL) in PyTorch ( Feng et
al., 2020, 2021; Liu et al., 2022, 2024; Shen, 2018). The model was run using the CUDA Deep
Neural Network library (cuDNN) to harness the computational power of the GPU. The model was
run on a cluster with % slice of an NVIDIA A100 GPU (~3600 CUDA cores) and took around 1
hour to train.

2.3. Model Training and Evaluation
For all sites, we used the first 80% predictor and target (CO- efflux) time series data for training,
and the last 20% for testing. Because the target data have different temporal coverage at different
sites (Figure le), we used a flexible split scheme where data at each site was split at 80% of their
total data points. We then ran a grid search to determine the optimal combination of
hyperparameters. The optimal combination has a hidden state size of 128, a dropout rate of 0.2, a
training-instance length of 30, and a random seed of 0. Mean squared error (MSE) was used as the
objective function for model training and achieved a final loss of 0.003 after 200 training epochs.
The Nash Sutcliffe Efficiency (NSE) (Nash & Sutcliffe, 1970) and the Kling-Gupta
Efficiency (KGE) (Gupta et al., 2009) were calculated for the train and test portion of each site to
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evaluate model performance. NSE is a commonly used criterion for model fit in time series
prediction based on the following equation:

2
2?:1(R0b5,i - Rszm,z) (1)
_\2
2?:1(Robs,i - Robs

where R, ; 1s the observed soil CO; efflux at each time step 1, R, ; is the simulated soil CO;

NSE = 1-

efflux at each time step i, and R, is the mean of the observed time series. An NSE value above
0.0 indicates that the model fit outperformed the mean of the data, while an NSE value of 1
indicates perfect adherence to observed data.

KGE is another commonly used criterion of model fit for time series and is calculated using
the following equation:

_ \/ Osim 2 Hsim 2
KGE =1— (r—1)2+< —1)+< —1) 2
Oobs Hobs

where r is the linear correlation between observed and simulated soil COz efflux, cobs and Gsim are
the standard deviation of the observed and simulated soil CO; efflux, and pobs and psim are the
means of the observed and simulated soil CO: efflux. A KGE above -0.41 indicates that model fit
outperformed the mean of the data (Knoben et al., 2019), while a KGE value of 1 indicates perfect
adherence to observed data.

We used both NSE and KGE because NSE is sensitive to extreme values and is therefore
a good indicator of model prediction of pulses or seasonal peaks and troughs. In an LSTM model
for stream dissolved oxygen with hundreds of sites, Zhi et al., (2023) used an NSE value of 0.7 as
a threshold and NSE < 0.4 as thresholds for good and poor model performance, respectively. This
model has much fewer sites and lower temporal coverage so we used NSE > 0.5 and KGE > 0.3
as the metric for good model performance, and NSE < 0.3 or KGE < 0.0 for poor model
performance. The Pearson correlation coefficient (Pcorr) between simulation output and
observation data were also used to measure how well the model captured seasonal peaks, with Pcorr
= 1 indicating perfect adherence to data.

3.4. Data characteristics

We quantified target data characteristics and explored their relationships with model
performance (Figure 3). Temporal patterns such as seasonality and the prevalence of spikes were
quantified using autocorrelation analyses (Box & Jenkins, 1976). Data smoothness was defined as
how much each data point differs from the preceding point, with data possessing many spikes
being less smooth. Autocorrelation at a one-day offset can measure the data correlation with data
from the day before and is a proxy for data smoothness, with smooth data possessing a high
correlation to the preceding point.

Sites with highly seasonal trends tended to have a strong negative autocorrelation with their
half-year (182-day) offset. Their data have diverging trends from the opposite season half a year
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prior, leading to negative autocorrelation (close to -1) at a half-year offset. We call this metric data
seasonality.

Data cyclicity measures how similar data patterns are from year to year, quantified by
autocorrelation to a 365-day offset. More cyclical data with consistent interannual patterns have
high correlation to the previous year’s CO: efflux on the same day.
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Figure 3 An autocorrelation analysis for a site with high smoothness, seasonality, and cyclicity (left) and vice versa
(right). The top figure is a time series of observed soil CO; efflux, and the bottom figure is the autocorrelogram for
the site (the Pearson correlation coefficient for the autocorrelation ranging from 1 day of offset to 365 days of offset).
Smoothness was quantified using the extent of autocorrelation at a 1-day offset (leftmost highlighted line in each
autocorrelation figure), seasonality was quantified using the extent of autocorrelation at a 182 (half-year) offset (center
highlighted line in each autocorrelation figure), and cyclicity was quantified using the extent of autocorrelation at a
365-day offset (rightmost highlighted line in each autocorrelation figure). Each autocorrelation figure is labeled with
the smoothness, seasonality, and cyclicity. The left site is from Gaumont-Guay et al. (2014)
(10.1016/j.agrformet.2013.08.010), and the right site is from Wutzler et al. (2020) (10.5194/gi-9-239-2020), with the
two sites located at (53.99, -105.12) and (39.94, -5.77), respectively.

3. RESULTS

3.1. Model Performance Overview

The model had a median (mean) train NSE of 0.54 (-0.05), with 57 sites (70%) having a train
NSE value above 0.3 for good or fair performance. Median (mean) train KGE was 0.67 (0.54) and
76 sites (93%) had a train KGE above the threshold 0.0 for good or fair performance. The model
had a median (mean) test NSE of 0.02 (-9.98), with 34 sites (41%) having a test NSE above 0.3.
Model KGE was much better, with a median (mean) test KGE of 0.30 (0.06) and 58 sites (71%)
having a test KGE above 0.0. Test NSE values had some notable outliers, with around 20% of sites
having a test NSE < -5. Overall median (mean) train Peorr was 0.82 (0.74) and median (mean) test
Pcorr was 0.69 (0.55) across all sites.

Well-performing sites were defined as sites with test NSE > 0.5 and test KGE > 0.3, fairly-
performing sites were defined as sites with 0.3 < test NSE < 0.5 and 0.0 > test KGE > 0.3, and
poorly-performing sites were defined as sites with test NSE < 0.3 or test KGE < 0.0. Well-
performing sites (n = 26) had a median (mean) NSE of 0.70 (0.72), median (mean) KGE of 0.79
(0.78), and median (mean) Pcor of 0.90 (0.89), showing a robust simulation of peaks. Fairly-
performing sites (n = 8) had a median (mean) NSE of 0.35 (0.37), median (mean) KGE of 0.36
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(0.38), and median (mean) Pcorr of 0.75 (0.77), also indicating excellent reproduction of patterns.
Poorly-performing sites (n =48) had a median (mean) NSE of —1.48 (-17.50), median (mean) KGE
of —0.02 (-0.38), and median (mean) Pcorr of 0.37 (0.34), showing relatively poor adherence to
seasonal peaks and troughs. Though we used NSE < 0.3 as one measure of poor model
performance, 19% of sites in the “poor performance” category had KGE > 0.3, which indicates
exceptional model performance. 75% of sites in the “fair performance” category had KGE > 0.3.
In other words, NSE values were overall much lower than KGE values.

The model captured the generally sinusoidal dynamics at sites with good performance but often
missed or underestimated spikes or seasonal maxima (Figure 4). At sites with fair performance,
the model captured the general pattern in some cases while entirely missing the pattern in others.
Sites with fair and poor performance often had less data coverage and less regular patterns across
years. Interestingly, the model often overestimated soil CO; efflux at sites with poor performance
(e.g. Third column, middle and last rows). In some cases, sites with the lowest number of data
points had significantly different observed values in the testing portion (the last 20% of each site’s
data points) than the train portion, which could also account for outlier NSE and KGE values at
these sites.

Good Performance Fair Performance Poor Performance

2 NSE = 0.85, KGE = 0.87, Pcorr =0.93 5 NSE = 0.44, KGE = 0.44, Pcorr = 0.84 NSE =-6.60, KGE =-0.08, Pcorr=0.10
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Figure 4. Three randomly selected sites from the group of well-performing sites (n=26, left column, test NSE > 0.3
and KGE > 0.0), fairly-performing sites (n = 17, middle column, test NSE > 0.0 and < 0.3 and KGE > -0.4 and < 0.0),
and poorly-performing sites (n = 39, right column, test NSE < 0.0 or KGE < -0.4). Orange points are observed data,
and the grey line is the model output. Bars at the bottom of each time series plot show the fraction of the total model
time (2003 to 2020) covered by the data shown. Labeled NSE and KGE values are for the test (last 20% of data points)
portion of each time series. Displayed sites with good model performance are from Arain (2016)
(10.17190/AMF/1246152), Ataka et al. (2014) (10.1371/journal.pone.0108404), and Liang et al. (2017)
(10.1038/sdata.2017.26), with coordinates at (42.635328, -80.557731), (34.79, 135.841), and (31.85, 131.3),
respectively. Displayed sites with fair model performance are from Phillips et al. (2016) (10.1007/s10533-016-0204-
x), Carbone et al. (2011) (10.1007/s00442-011-1975 and the Shale Hills Critical Zone Observatory, with coordinates
at (44.565, -123.293), (34.00805556, -119.8102778), and (40.66541, -77.90475), respectively. Displayed sites with
poor model performance are from Gutiérrez del Arroyo & Wood (2020) (10.1029/2019JG005353), Sihi et al. (2018)
(10.1016/j.agrformet.2018.01.026) and Wu et al. (2016) (10.1071/RJ16023), with coordinates at (18.4075, -
66.731389), (45.2041, -68.7402), and (40.46, 115.84), respectively.

All sites with good model performance had strong exponential relationships between
temperature and CO; efflux, while at sites with fair and poor model performance, temperature and
CO; efflux relationships were weak (Figure 5). The model captured the temperature-CO> efflux

relationships for well-performing and fairly-performing sites but not for poorly-performing sites,
often overshooting CO; efflux values over the same temperature range (e.g. third column, middle
row in Figure 5).

Good Performance Fair Performance Poor Performance
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Figure 5. Temperature-CO; efflux relationships in three randomly sampled sites with good (left), fair (middle), and
poor (right) model performance. Light grey points are model output, blue points are the model output at the observed

data period, and orange points are observation data. Labeled NSE, KGE, and P, values correspond to the test portion
of each dataset. In sites with good performance, the model captured the strong soil CO, efflux dependence on
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temperature. In sites with fair and poor model performance, soil CO; efflux often did not have a strong dependence
on temperature. Displayed sites are the same sites in Figure 4.

The model tended to underperform at the extremes of soil CO; efflux values (Figure 7c). We
calculated NSE and KGE values for the top 5%, middle 90%, and bottom 5% of soil CO. efflux
values across all sites. Notably, the model performed significantly more poorly in the top 5%
(median NSE =-11.38, median KGE =-0.33) and bottom 5% (median NSE = -55.66, median KGE
= -1.51) compared to the middle 90% (median NSE = 0.35, median KGE = 0.58). We also
quantified model performance during spikes. Spikes were identified as any point with z-score > 3
or < -3 over a centered moving window of 30 days. Model performance was much worse for spikes
compared to non-spike values (Figure 7d).

3.2. Model performance driven by data availability

Model performance often depended on data attributes including the number of data points and site
representation in the same land cover type. Although the model performed well in many sites with
few data points, there was a threshold-type relationship between the number of data points in
individual sites and model performance. Sites with less than ~500 data points were much less likely
to perform well (Figure 6a, b), indicating that having at least 1.5 years of data drastically improved
model performance. Test KGE values correlated positively and significantly to the number of data
points (r =0.27, p = 0.016), but test NSE values were not significantly correlated with number of
data points. When NSE outliers were removed using interquartile range (> Q3 + 1.5*IQR or < Q1
— 1.5*IQR, where Q3 is the third quartile of data, Q1 is the first quartile of data, and IQR is the
interquartile range), NSE values just barely missed the threshold for a significant correlation (r =
0.24, p = 0.051). Peorr values also positively correlated to the number of data points (r = 0.30, p =
0.007), indicating that the number of data points is influential.

r=0.27,p=0.016 r=0.30, p = 0.007
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Figure 6 Test NSE (a), test KGE (b), and test Pcorr (¢) versus number of data points at each site. Inset plot in the left
figure removes NSE outliers using the interquartile range method, revealing a significant correlation with number of
data points. Correlation coefficients and p-values for relationships with significant correlations are above each plot.
Sites with less than ~500 data points (Around 1.5 years of data, red vertical line) were much more likely to have bad
performance (NSE < 0.5, KGE < 0.0), and Pcorr < 0.5 (horizontal dashed grey line in each plot).

3.3. Model performance driven by climate
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Climate was strongly linked to model performance. Sites with good model performance were
primarily clustered in the 30-60° temperate latitudes (Figure 7a). Outside of this zone, median test
NSE and test KGE were -1.21 and -0.13, respectively, compared to 0.33 and 0.38 inside the zone.
The percentages of well-performing sites within and outside the temperate zone was 40% and 5%,
respectively.
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Figure 7. (a) Spatial distribution of sites with good model performance (green, test NSE > 0.3 and test KGE > 0.0),
fair model performance (yellow, 0.0 < test NSE < 0.3 and -0.4 < test KGE < 0.0), and poor model performance (red,
all other sites). The pie chart shows the relative proportion of sites with different performance. Notably, sites with
good model performance are clustered around 30-60° latitude (light grey highlighted section) (b) Same sites in
climate (MAT-MAP) space. Larger, brighter stars of each color correspond to the three randomly selected sites in
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each category of performance in Figures 4 and 5. To the right and above each MAT-MAP plot is a bar plot of the %
of well-performing site in each MAT or MAP interval. (c) NSE (dark grey) and KGE (light grey) distribution among
spikes (left) and non-spikes (right). Spikes were quantified using points with z-score > 3 or < -3 along a 30-day
moving window. Values are plotted on a symmetrical log scale for visual clarity. The model performed poorly for
spikes. (d) NSE (dark grey) and KGE (light grey) distribution among the bottom 5% of soil CO, efflux values (left),
the middle 90% of soil CO, efflux values (middle), and the top 5% of CO; flux values (right). Values are plotted on
a symmetrical log scale for visual clarity. The model performed much worse at the highest (spikes) and lowest
(troughs) soil CO, efflux values.

In general, sites at MAT and MAP's lower and upper extremes had relatively poor performance.
The intermediate MAT ranges (0 to 15 C) had the highest percentage of sites with good
performance (Figure 7b). Outside these temperate temperature ranges, the proportion of sites with
good performance was low or zero. Correlating the number of sites in each temperature bin with
median NSE and KGE in each bin or the percentage of well-performing sites in each bin did not
produce a significant relationship, indicating that the better model performance in temperate MAP-
MAT space is not explained by the fact that there are more sites at those climatic ranges.

A similar but weaker effect occurred in the breakdown of mean annual precipitation. Sites
with MAP between 50 and 300 cm yr! generally had a higher percentage of sites with good model
performance. The six land cover types with the lowest mean MAP (Desert woodland, Open
shrubland, Cropland, Closed shrubland, Savannas, and Grassland) generally had low median test
NSE (-30.07, 0.14, -0.40, -0.03, 0.03, and -0.28, respectively) and median test KGE (-0.37, 0.12,
-0.29, -0.82, 0.01, and -0.12, respectively). Half of the arid sites (n = 13 out of 26) with MAP < 50
cm yr!' had poor performance.
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Figure 8: (a) Test Pcor versus mean PET; (b) Test Peorr versus aridity; (c) test KGE versus MAP; (d) Test KGE versus
SOC content

Test Pecorr was negatively correlated with multiple climatic attributes (Figure 8a,b),
including mean PET (r = -0.28, p = 0.010) and aridity index (PET/P) (r = -0.24, p = 0.028),
indicating that the model could capture the dynamics of the observed data better in sites with a
relatively humid climate. Test KGE was also positively correlated to MAP (r = 0.23, p = 0.038)
(Figure 8c). Correlating model performance with other site attributes revealed a negative
correlation between test KGE and soil organic carbon (SOC) content (r = -0.34, p = 0.002) (Figure
8d), meaning that sites with higher SOC had poorer model performance.

3.4. Model performance driven by cyclic seasonal data patterns

Temporal patterns such as data smoothness (the prevalence of spikes), seasonality (how
strongly CO, efflux responded to seasonal temperature variations), and cyclicity (degree of
interannual similarity in CO» efflux dynamics) were quantified using autocorrelation analyses.
Interestingly, data smoothness was not significantly correlated with any performance metric.
Seasonality correlated significantly with test Peorr (r = 0.41, p < 0.001). This indicates that sites
where CO; efflux are more seasonal or more responsive to temperature performed better. Finally,
data cyclicity correlated strongly and significantly with test NSE (r = 0.30, p = 0.014), test KGE
(r=0.33, p=0.003), and test Pcorr (r = 0.45, p< 0.001), meaning that sites with similar soil CO»
efflux patterns across years performed better (Figure 9).
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Furthermore, the average absolute difference between mean summertime and mean
wintertime soil efflux was 4.65 and 1.56 umol m2d! at sites with good and poor performance,
respectively (t-statistic = 5.16, p < 0.001). A wider data spread indicates higher seasonality, with
strong summer peaks and wintertime lows in Rs. This suggests that the model can capture the larger
difference between different seasons but does not do as well at sites where CO- efflux is relatively
consistent. This further supports the idea that the model performs better at sites with highly
seasonal soil CO; efflux.
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Figure 9. Correlations between smoothness (circles), seasonality (diamonds), and cyclicity (triangled) of data and
test NSE (orange), test KGE (blue), and test Pearson correlation coefficient (pink). Significant correlations (p <
0.05) have labeled r and p values above the plot and plotted correlation lines.

4. DISCUSSION
Global estimation of soil CO> efflux has remained highly uncertain, and daily-scale models
have the potential to reduce estimation uncertainty by using higher temporal resolution data and
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inferring dynamics from daily to seasonal scales. As an important step in this direction, we
leverage recent advances in continuous, high-frequency data acquisition and emergent deep
learning models to develop a single deep learning model to predict daily soil CO» efflux in sites
across gradients of climate, land cover, and soil properties (Reichstein et al., 2019). Our results
largely support our hypotheses regarding when and where the model will perform well. They also
raise fundamental questions about the transferability of daily dynamics and relationships learned
from data-rich sites to data-poor sites, data availability, equity, and priorities for further data
acquisition.

Where and when to gather data? Challenges beyond data scarcity
500
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Figure 10. Overview of model challenges and further data needs recommended to improve future daily-scale models.
(a) The most pressing data needs* are in climate at the high and low end of MAP and MAT spectrum, particularly
those with unique hydrological (e.g., Wetlands and arid sites) characteristics or vegetation (e.g., Biocrusts) or and
those experiencing rapid climate change, as well as during hot moments when soil CO; efflux is rapidly mobilized**
(b) Challenges beyond data scarcity in each of four broad climate zones: temperate-mesic, boreal, arid, and tropical.
Other priorities include data sharing and equitable data distribution across many climate types. *Note that more data
is always better, but this represents where data collection efforts should be focused with the goal of correcting past
inequalities.

4.1 How does the model compare to other models?

Deep learning models such as LSTM models are, by definition, data-driven, meaning they
learn relationships between input and output variables based on training data without process-
based knowledge. Naturally, the model will learn better with more training sites and longer data
time series. Being “data greedy” is one of the major limitations of deep learning models such as
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LSTM models (Shen et al., 2023). Compared to hundreds or even thousands of sites for streamflow
and water quality data with multi-decadal coverage (Kratzert et al., 2023; Sterle et al., 2024), data
here are sparse in terms of both the number of sites (82) and the temporal coverage within
individual sites (0-10 years). As a result, overall model performance cannot rival those of LSTM
models developed for hydrology and water quality predictions (Feng et al., 2021; Zhi et al., 2023).

The climate-driven model performance observed here generally aligns with insights
learned from global models for annual soil CO; efflux (e.g., Jiang et al., 2024; Warner et al., 2019)
as well as process-based Earth System Models (Guenet et al., 2024), which are most uncertain in
arid/semi-arid, tropical, and cold regions, at the upper and lower ends of MAT and MAP where
temperature relationships are weak and data tends to be much sparser. Our use of an
unprecedentedly large (n = 7.8M) training dataset provides new information on what will be
required to parameterize and assess robust models in biogeochemical and carbon-cycle domains
(Reichstein et al. 2019). The struggle of reproducing hot moments has also been well-documented
in previous studies (Bernhardt et al., 2017; McClain et al., 2003; Savage et al., 2014; Vargas et al.,
2018; Wutzler et al., 2020). It is thus unsurprising that this model fared poorly at capturing the
lowest and highest values across sites, but its challenges in this area provide interesting insights
into both data and process-knowledge limitations that would be obscured using an annual-scale
model.

4.2 Can the model extrapolate relationships learned from data-rich sites to data-poor sites?
The climatic distribution of COSORE sites is skewed toward countries with abundant access
to scientific resources (Bond-Lamberty et al., 2024; Kim et al.,, 2022), reflecting a well-
documented spatial bias in data acquisition (Stell et al., 2021; Xu & Shang, 2016). This is also true
of ecological data more generally (Martin et al., 2012). Like the SRDB database of annual-scale
soil CO; efflux data, COSORE overrepresents northern latitudes (30—60°) and temperate climates
while underrepresenting Arctic regions, Central Asia, South America, Africa, Eastern Europe,
Southeast Asia, Australia, and the Pacific islands. Data coverage is particularly sparse in climatic
zones at the extremes of MAT and MAP, such as Arctic and arid ecosystems (e.g., closed
shrublands, desert woodlands, and savannas), with limited site numbers and shorter data records.
Because of this data bias, the model mainly learned input-output relationships based on
data biased toward temperate mesic sites with cyclic, seasonal patterns, which is where the model
performed best. This is a common problem when training deep learning models on class-
imbalanced datasets (Bauder et al., 2018; Johnson & Khoshgoftaar, 2019). In fact, all sites with
good model performance had exponential, Arrhenius-type relationships between temperature and
CO; efflux (Figure 6). The model then “extrapolated” such relationships to other sites. Such
extrapolation worked well for sites with sparse data but temperate climates, where the model was
able to capture dynamics well. However, when the model extrapolated such relationships to non-
temperate/mesic sites where such relationships were weak or did not exist, it tended to
overestimate soil CO; efflux, potentially because it overestimated the strength of temperature as a
driver (Figure 6), leading to poor prediction.
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This challenges the paradigm that temperature is the primary driver of soil CO» efflux
across the globe (e.g., Kirschbaum, 1995), which reflects insights from data-rich sites and has been
widely used to predict soil CO» efflux across the world. Many studies now show that Q1o has high
spatial and temporal variability (Chen et al., 2020; Meyer et al., 2018; Zhou et al., 2009), however,
implying that temperature dependence is regulated by a complex interplay of factors, particularly
in arid and tropical regions (e.g., Le & Vargas, 2024; Wood et al., 2013).

4.3 Where and when should we prioritize data collection?

Predicting dynamics requires model generalizability—the ability to extrapolate beyond the
training data. Unlike process-based models, deep learning models rely solely on patterns encoded
in the training data and require sufficient exposure to diverse input-output relationships to capture
temporal trends and spatial patterns. Because we cannot measure the response of soil CO» efflux
under every condition in every location, the training data we use in such models must represent
global diversity in dynamics, responses, and conditions.

Achieving meaningful representation is, however, more complex than simply adding data
(Villarreal et al., 2019; Villarreal & Vargas, 2021). For example, Stell et al. (2021) demonstrated
that expanding spatial coverage in a newer version of SDRB increased model uncertainty; model
performance only improved when data distribution optimized coverage of the covariate space. In
other words, greater data diversity for better model performance is achieved only when the
diversity is relatively balanced; otherwise, models will overfit to well-sampled space, time, and
conditions while failing in data-scarce regions and time periods (Bauder et al., 2018; Johnson &
Khoshgoftaar, 2019).

Where? To reduce data bias, we need to collect more data both by increasing the number of
sites and extending data duration and conditions at individual sites. Particular attention should be
devoted to sites at the upper and lower extremes of MAP and MAT where soil CO; efflux is more
likely to be regulated by factors other than temperature such as soil moisture. These regions are
important to prioritize because they are particularly susceptible to climate change (Bond-Lamberty
et al., 2024). Arctic or boreal regions have experienced warming at four times the rate of the rest
of the globe (Rantanen et al., 2022) and are highly vulnerable to shifts in vegetation and land cover
under climate change (Gonzalez et al., 2010), yet have extremely sparse measurements.
Furthermore, arid regions have been known for decades to have much less data than temperate
regions (Raich & Schlesinger, 1992) yet they continue to be underrepresented (Xu & Shang, 2016).
Arid regions are projected to expand and cover half of the globe by the end of the century (Huang
et al., 2016), making it crucial to monitor soil CO; efflux in dryland ecosystems.

When? The model consistently failed to capture the most extreme values, both low and high,
across many types of sites. Soil CO, efflux at some sites exhibits inherently complex and
temporally variable dynamics that are difficult for models to capture. For example, dryland
ecosystems experience drying-rewetting cycles that can cause hot moments in CO; efflux (Jarvis
et al., 2007); freeze-thaw cycles in cold climates can significantly increase dissolved organic
carbon availability and CO; efflux (Feng et al., 2007; Grogan et al., 2004; Herrmann & Witter,
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2002; Song et al., 2017). These abrupt fluctuations, common in arid and cold regions, are expected
to become more common in a changing climate (Blankinship & Hart, 2012; Gu et al., 2008; Henry,
2008; Meehl et al., 2006; Sheffield & Wood, 2008; Sinha & Cherkauer, 2010). Similarly, it is
unclear how and how much extreme events like heatwaves, floods, and wildfires, which are
becoming more frequent under climate change (Arnell & Gosling, 2016; Pausas & Keeley, 2021;
Trenberth, 2011), will mobilize or suppress soil CO; efflux globally.

It is thus important to prioritize measurements that capture peaks and troughs in data,
especially those caused by extreme weather events that often disproportionally change long-term
soil CO; efflux dynamics (Vargas, 2012). To capture transient events and their implications, we
need sufficient data to cover the full range of conditions in individual sites. On the other hand,
stochastic events such as storms or rapid thaw, can repeatedly reset ecosystem states, preventing
CO; efflux patterns from stabilizing into learnable patterns (Post & Knapp, 2020). In such cases,
longer datasets may offer limited benefits, while finer-scale data capturing the timing and impacts
of stochastic events could be more informative for improving model performance.

Peaks and troughs during extreme events can be particularly difficult to predict due to their
rare occurrence and poorly-understood dynamics. However, deep learning models inherently learn
patterns when provided with sufficient data. The key question is how much data is sufficient to
adequately capture these dynamics. Whereas data during extreme events are always rare in
individual sites, aggregating data during extreme events from hundreds to thousands of sites has
shown promises for forecasting extreme events such as flooding (Bertola et al., 2023; Nearing et
al., 2024).

4.4 What are the challenges beyond data scarcity?
Spatial and temporal scale discrepancy Model performance depends not only on target data

availability but also the quality of predictor data (e.g., temperature, precipitation). If the predictor
data used to train the model does not reflect variability in soil CO> efflux, more data will not
improve model performance. One major issue in this model is the mismatch in spatial and temporal
scales between predictor (e.g., temperature, precipitation) and target data (soil CO> efflux). For
example, although soil CO- efflux data is at daily scale, normalized differential vegetation index
(NDVI) has a four day resolution, evapotranspiration (ET) and potential evapotranspiration (PET)
have an eight day resolution, and wind speed has a monthly resolution. This temporal mismatch
could potentially “smooth out” the variability in predictor data that would meaningfully affect soil
CO, efflux dynamics.

In addition, soil CO; efflux chamber measurements are at a meter scale, whereas global
predictor data are mostly derived from remote sensing products at kilometer or coarser scales. As
such, local variability in soil moisture, precipitation, and vegetation cover are likely averaged out
in predictor data. Such scale discrepancy in data could have substantial impacts, especially where
small-scale heterogeneity in soil moisture, precipitation, vegetation cover, or soil characteristics
may play a disproportionally larger role than temperature in regulating CO; efflux (Bloom et al.,
2016; Reichstein et al., 2019). Most notably, local moisture variations are averaged over around
11 square kilometers in the remote sensing data used in this model, making the predictor data used
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here unlikely to represent local-scale precipitation/soil moisture variations. This could result in
model prediction errors where soil CO; efflux is highly sensitive to soil moisture. For example, in
arid regions with a pronounced dry season, soil rewetting and drying cycling can predominantly
control soil CO; release (Almagro et al., 2009; Conant et al., 2000). In tropical regions with
relatively steady temperatures, CO2 efflux may be more responsive to precipitation, both positively
(e.g., Chambers et al., 2004; Rubio & Detto, 2017) and negatively (Cleveland et al., 2010; Wieder
et al., 2011). Within the same land cover or climate type, topographic position can suppress or
mobilize soil CO» efflux by regulating local topographic wetness index or “wettability” (Riveros-
Iregui & McGlynn, 2009).

More data sharing. In addition to new data acquisition, we also need to prioritize data
sharing (Wolkovich et al., 2012). While there are many more sites with soil CO; efflux data than
the 82 currently in COSORE, these data are not accessible and usable when not in a public dataset.
The global carbon research community would greatly benefit from broader contributions to
COSORE. Sharing these datasets would enable the application of advanced computational
techniques to extract valuable insights and facilitate robust predictions for the future. Failing to
upload such data is a missed opportunity to leverage them for large-scale data synthesis and
predictive modeling.

5. CONCLUSION

Global-scale estimation of soil CO; efflux are mostly at the annual scale and thus miss sub-annual
dynamics, potentially contributing to large estimation uncertainties. Here we develop a single deep
learning model using daily data from 82 sites in COSORE, aiming to provide a steppingstone for
predicting global daily soil CO; efflux. This model performs better in temperate and mesic sites
with many data points and strong responses to temperature. Our results highlight challenges
including temporal and spatial bias of target data and scale discrepancy between predictor and
target data, underscoring the need to prioritize data collection in spatially underrepresented
systems such as arid, Arctic/boreal, and tropical ecosystems and temporally underrepresented
conditions such as extreme weather events that have become increasingly frequent and impactful.
Nonetheless, the ability of the model to match daily-scale magnitude and dynamics across many
diverse sites is promising. It holds the potential to reduce global estimation uncertainty, facilitate
our understanding of daily to seasonal dynamics, to generate synthetic data to temporal and spatial
gaps in temperate, mesic regions with good model performance, and to project into the future and
the past. Deep learning models hold the potential to revolutionize global soil CO> efflux prediction
and to generate testable mechanistic hypotheses about how processes are changing under climate
change. But they will remain fundamentally limited in their predictive ability without greatly more
equitable data collection.
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Aqua 1km 067/MODIS/MYD

21A1D.061
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Minimum/M | Global Seamless | TMIN 1000 m | Daily K https://doi.org/10.1
aximum High-resolution | TMAX 016/j.rse.2022.113
Temperature | Temperature 422
Dataset (GSHTD)
NDVI LANDSAT 7 | SR_B3 30 m Monthly N/A https://doi.org/10.7
Level 2, | SR_B4 289/V572G6QH9
Collection 2, Tier
1
Evapotranspi | MOD16A2GF.06 | ET 500 m 8-day mm/8day | https://doi.org/10.5
ration (ET) 1 Terra ET QC 067/MODIS/MOD
16A2GF.061
Potential MODI16A2GF.06 | PET 500 m 8-day mm/8day | https://doi.org/10.5
Evapotranspi | 1 Terra ET QC 067/MODIS/MOD
ration (PET) 16A2GF.061
Fraction of | MCD15A3H.061 [ Fpar 500 m 4-day nm https://doi.org/10.5
photosyntheti 067/MODIS/MCD
cally active 15A3H.061
radiation
(FPAR)
Leaf area | MCD15A3H.061 | Lai 500 m 4-day nm https://doi.org/10.5
index (LAI) 067/ MODIS/MCD
15A3H.061
Clay, sand, | SoilGrids soc 250 m N/A g/kg https://doi.org/10.5
and silt sand % 194/50il-7-217-
content; bulk silt % 2021
density; soil clay %
organic bdod kg/dm?
carbon
content
Mean annual | WorldClim N/A 1000 m | Annual °C https://doi.org/10.1
temperature | Version 2 Cm/yr 002/j0c.5086
&
precipitation
(MAT &
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X¢ = ReLU(W;I; + b)
fe = o(Wpxx + Ugphe_; + by)
ip =0Wixxe + Uyhe—; + by)
ge = tanh(Wyxx, + Ugphi—; + by)
0 = 0(Woxxe + Upphe—; + by)
¢t = feoC—1Fit "¢
hy = tanh(c;) - 04
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