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Reading tea leaves worldwide: Decoupled drivers of initial litter
decomposition mass-loss rate and stabilization
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GLOBAL PATTERNS IN LITTER MASS-LOSS DYNAMICS
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Abstract

The breakdown of plant material fuels soil functioning and biodiversity. Currently,
process understanding of global decomposition patterns and the drivers of such
patterns are hampered by the lack of coherent large-scale datasets. We buried
36,000 individual litterbags (tea bags) worldwide and found an overall negative
correlation between initial mass-loss rates and stabilization factors of plant-
derived carbon, using the Tea Bag Index (TBI). The stabilization factor quantifies
the degree to which easy-to-degrade components accumulate during early-stage
decomposition (e.g. by environmental limitations). However, agriculture and an
interaction between moisture and temperature led to a decoupling between initial
mass-loss rates and stabilization, notably in colder locations. Using TBI improved
mass-loss estimates of natural litter compared to models that ignored stabilization.
Ignoring the transformation of dead plant material to more recalcitrant substances
during early-stage decomposition, and the environmental control of this
transformation, could overestimate carbon losses during early decomposition in

carbon cycle models.

KEYWORDS

INTRODUCTION

Large amounts of leaf litter are continuously depos-
ited on soils, where it is broken down by biological
and physical processes, releasing carbon dioxide and
nutrients. Litter breakdown or decomposition is thus
important for plant growth, soil functioning and bio-
diversity (Bardgett & van der Putten, 2014), while also
playing a key role in global carbon and nutrient cycling
(Stockmann et al., 2015). However, not all material in lit-
ter is decomposed (Li et al., 2023). What remains in the
soil contributes to soil organic matter formation, and
the magnitude of this contribution under prevailing and
future climate conditions is heavily debated (Cotrufo
et al., 2015; Minasny et al., 2017).

Plant litter is often classified as easy-to-degrade or re-
calcitrant. However, any litter material consists of a cer-
tain fraction of easy-to-degrade components (e.g. sugar
and polysaccharides) as well as a certain fraction of more
recalcitrant substances (e.g. lignin or acid-unhydrolysable
material). After an initial fast mass loss in which the de-
composition of easy-to-degrade material dominates, the
accumulation of microbial necromass and secondary
metabolites slows down the decomposition process (Berg
& McClaugherty, 2020; Cotrufo et al., 2013). In some sys-
tems, recalcitrant compounds are generally considered
to decompose completely, but over much longer time
frames than easy-to-degrade material, ultimately driving
long-term carbon cycling (Cotrufo et al., 2013). In several
global carbon cycle models, different litter compounds
are thus modelled with specific decomposition rates,
which are usually estimated from low-resolution data-
sets with limited geographical cover (Le Noé et al., 2023;
Sanchez et al., 2009). This creates uncertainties in model
outcomes and large, uniform datasets are crucial to

citizen science, environmental drivers, global change, litter decomposition, mass loss, soil organic
matter formation, stabilization, tea bag index

impart hitherto poorly understood interactions between
environmental factors, litter quality and decomposition
(Heimann & Reichstein, 2008; Le Noé et al., 2023). These
limitations in our current understanding of litter decom-
position are reflected in the large range (50%-71%) of
variation in mass loss explained by either litter type, cli-
mate or their combination across existing global studies
(Berg et al., 1993; Djukic et al., 2018; Kwon et al., 2021;
Parton et al., 2007; Trofymow et al., 2002).

In an alternative approach, Keuskamp et al. (2013) as-
sume that each fresh litter is a mixture of material com-
ponents. Initial mass losses are predominantly driven by
loss of the easy-to-degrade components whereas mass
loss due to decomposition of recalcitrant material frac-
tions primarily drive long-term decomposition rates.
Further, they conceptualize breakdown of the easy-
to-degrade material by an initial mass-loss rate (klg;
following terminology used in carbon cycle models for
early-stage decomposition) and a stabilization factor
(S7gp)- The stabilization factor quantifies the degree to
which easy-to-degrade litter components accumulate
and become more resistant, either because the given en-
vironmental conditions hamper their decomposition or
because they are created during initial decomposition
(e.g. as rest-products or necromass). The stabilization
factor is, therefore, equivalent to a limit factor or sta-
ble residue (Berg & McClaugherty, 2020; Li et al., 2023).
While the stabilization factor cannot directly be equated
with long-term carbon storage as it describes initial lit-
ter breakdown dynamics, soils with a high stabilization
factor should have a higher likelihood to accumulate a
larger proportion of the easy-to-degrade litter compo-
nents compared to soils with a low stabilization factor.
Both kl g, and Sy, should, therefore, be considered in-
tegrative, location-specific estimators of soil functioning
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that incorporate effects of leaching and microbial activ-
ity. In addition, both parameters describe the decompo-
sition of easy-to-degrade litter compounds rather than
the decomposition of a species-specific plant material,
which allows for generalization and comparative anal-
yses. Keuskamp et al. (2013) further proposed that kl g,
and S;p, can be determined empirically using standard-
ized litter (tea), in a method referred to as the Tea Bag
Index (TBI; Box 1) which further facilitates standard-
ized, large-scale comparative studies. The TBI thus
has great potential as a generalizable approach to un-
derstand initial mass-loss dynamics across biomes and/
or environmental gradients, which in turn, can improve
predictions of soil carbon dynamics in present and fu-
ture environmental settings.

The collective efforts of citizen scientists and the sci-
entific community brought together over 36,000 tea bag
decomposition measurements across almost 2000 1km?
pixels distributed across all major terrestrial biomes
worldwide (Figure 1). This database enables us to provide
the largest empirical analysis of initial mass-loss dynam-
ics worldwide. We hypothesise that if microbial activity
is a key underlying driver of both k1, and S;p,, those
proxies will be correlated and respond to environmental
factors in a similar way. This would imply that environ-
mental conditions that increase kl ,; will decrease S,
and vice versa. Alternatively, if microbial activity affects
klpg and Spp, through different mechanisms, or if other
processes (e.g. leaching) play a more important role for
early mass loss of plant residues, kl;5; and S;g; could
be decoupled. Next, in order to explore the possibilities
for upscaling (e.g. for carbon modelling), we spatially
interpolated our measured TBI proxies using random
forest models into two predictive maps. From this, we
calculated the amount of leaf-derived carbon potentially
subjected to stabilization globally. Lastly, we evaluated
if the stabilization factor can be used to estimate mass
losses of other (local) litter types.

MATERIALS AND METHODS
Tea Bag Index method

The TBI defines the easy-to-degrade material as the hy-
drolysable fraction obtained from a fractionation analy-
sis (Keuskamp et al., 2013). This fraction decomposes
with an initial mass-loss rate (k1) towards a stabiliza-
tion factor (Syg,), describing the fraction of hydrolysable
compounds that, due to the conditions at that location, is
judged to be more recalcitrant to decomposition (Box 1).
This distinguishes the TBI model from a single-phase
model where all litter fractions are assumed to decom-
pose completely (Gholz et al., 2000; Le Noé et al., 2023),
as well as from an ordinary two-phase model, where all
easy-to-degrade material is assumed to be decomposed
relatively quickly (Li et al., 2023). The TBI method uses

the mass loss of a rapidly decomposing standardized leaf
litter, green tea, to calculate Sy, after 3months incuba-
tion (Box 1). The mass loss of a more slowly decomposing
leaf litter, rooibos tea, is used to obtain kl g, as for most
environments, 3months is not sufficient for this litter
type to decompose as far as Sy, (obtained from green
tea) allows.

Following the standardized TBI protocol (Keuskamp
et al., 2013), at least one bag of Lipton® green tea (EAN:
87 22700 05552 5) and at least one bag of Lipton® rooi-
bos tea (EAN: 87 22700 18843 8) with woven nylon mesh
(0.257mm) were buried at 8cm depth and around 15cm
apart at each location. The bags were retrieved after ca.
90days (median 90 days; the 10%-90% percentile was 56—
101 days) and cleaned from adhering soil particles with-
out using water. Roots were removed and the remaining
dry mass (30-70°C for >48 h) of the tea inside the bags was
determined. Starting masses obtained by participants
were confounded by local ambient air moisture as bags
could not be dried before the start. We, therefore, used a
standard starting dry mass for green (1.732+£0.062s.d. g)
and rooibos (1.865+0.047s.d. g), which was based on the
moisture content determined by drying (60°C for >48h)
additional, new, not-incubated tea bags from different
batches and countries (=708 pairs of tea bags).

Handling of global data

Mass-loss data for over 36,000 individual tea bags was
collected using strict TBI protocols across the participat-
ing network to ensure data quality (Table S1). We defined
an incubation as unique combinations of GPS location
(WGS84), duration (days), start date and user-defined
location name. While incubations typically deployed
3-12 replicates, we used mean incubation mass loss to
calculate the Tea Bag Index (TBI) following Keuskamp
et al. (2013; Box 1) as this decreased random variation as-
sociated with very local differences and/or measurement
error. We further included data from 27 studies report-
ing mass losses, klpg; and Sy, or that were willing to
share such data associated with a specific GPS location
(Table S2).

We excluded and did not collect incubations with (i)
explicit and small-scale experimental treatments applied
(e.g. warming, plant removal; excluding 29 unique GPS
locations), (ii) incubation duration <45 or >135days (ex-
cluding 88 unique GPS locations). Moreover, we excluded
incubations (iii) with invalid TBI proxies (negative kl g,
values or Sy, values larger than one; excluding 51 unique
GPS locations). See Figures SI and S2 for climatic and
spatial distribution of excluded locations. Incubations
from soils under agricultural use (169 unique GPS loca-
tions; Figure S3) were included since (i) these incubations
represent globally common soil types and (ii) many types
of land management (e.g. forestry, grazing, mowing) may
frequently not be reported explicitly. Incubations that
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BOX 1 Calculations of the Tea Bag Index.

The Tea Bag Index (TBI) assumes that initial mass-loss rates of litter are driven by the decay of easy-to-
decompose, early-stage material and decrease towards 1 —a, where a represents the stable residue or recal-
citrant fraction of the material, typically represented by the lignified, acid insoluble fraction of the material
(Li et al., 2023; Parton et al., 2007). However, in the TBI this term represents the acid insoluble fraction plus
the fraction of the remaining (potentially hydrolysable) material that has become more recalcitrant to further
breakdown (e.g. due to environmental limitations to decomposition, as rest-products of breakdown or as
necromass).

The remaining mass proportion M(7) of the litter after 7 days follows:

M(t)=ae™¥ + (1 —a) Q)

where k is the mass-loss rate of the fraction that will eventually break down. Since mass-loss rates of green tea
slow down considerably after 1-2months (Keuskamp et al., 2013), it can be used to calculate the fraction that will
break down (ag):

Mo
a,=1- M) )

where M (0) is the starting weight of green tea. The fraction of the potentially degradable material that is stabi-
lized (Sp,) is subsequently calculated by scaling the mass loss to the hydrolysable fraction of green tea (0.842; Hg)
obtained from Keuskamp et al. (2013):

Sipr=1-—= )
H, H,+ M0)

a M,(0) = M,(0)

Subsequently, S, is applied on the hydrolysable fraction of rooibos tea (0.552; H ), allowing calculation of the
potential degradable fraction of rooibos tea (a,) as:

ar=Hr(1 _STBI) @)

Finally, a, and the remaining mass fraction of rooibos tea are used to derive k1, from Equation 1. Our kl g,
thereby represents the initial mass-loss dynamics of the potentially degradable material. By using Sy, it takes
into account that the environmental conditions do not allow breakdown of a part of the hydrolysable fraction
on this timescale. Over longer timescales the stabilized but potentially degradable material may or may not be
broken down, and mass losses from the recalcitrant fraction may occur.

The TBI method relies on two basic assumptions (Keuskamp et al., 2013). Firstly, the incubation duration is
assumed to be short enough for rooibos to still be decomposing hydrolysable material, and long enough for
green tea to decompose all the hydrolysable material that can be decomposed. In practice, this proves to be
45-135days. From decomposition curves in tundra systems we know that 30-45days is sufficient for green
tea to reach a plateau (Thomas et al., 2023; Figure S14) while incubations of 1 year or longer lead to enhanced
decomposition in green tea. Second, the TBI method assumes the transfer of S, across litter types. Chemical
extractions using nuclear magnetic resonance spectroscopy confirm that remains of the hydrolysable com-
pounds (e.g. carbohydrates and cellulose) accumulate over time in an order of magnitude that can explain sta-
bilization (Duddigan, Shaw, et al., 2020). Lignin-like substances on the other hand, barely decompose during
the standard TBI incubation period of 90days (Duddigan, Shaw, et al., 2020). We explore the transfer of S5,
across litter types further in the main text.

were located in the terrestrial part of coastal zones were at the equator; Figure S4). This resulted in mean kl g,

included, but aquatic incubations were excluded. and Sy in, respectively, 1643 and 1716 unique pixels
We aggregated the klpg; and S;p, of incubations that across the globe (Figure 1) with a good spatial, temporal

fell within the same 30 arcsec pixels (approximately 1km? and climatic coverage (Figure 1b,c; Tables S3 and S4).
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Sampling distribution of the global Tea Bag Index experiment across (a) space, (b) time and (c) climate. In total 65 countries

were sampled including measurements from all biomes. Each brown dot represents one location, with the green circle indicating the number of
valid measurements at that location. In the insert for Europe, sample locations are gridded to increase readability. The colour scale in subfigure
B indicates the number of locations from a few (green) to many (red) summed per month of the year for cold and temperate biomes [see Figure 2
for biome classification which follows Olson et al. (2001)] and for warm (including dry and tropical) biomes. Measurements from the northern
and southern hemisphere have been aligned by the winter solstice so that the first month is January for incubations in the northern hemisphere
and July for the southern hemisphere. Each black dot represents mean annual air temperature (MAT) and mean annual precipitation (MAP)
for locations with measurements as obtained from the WorldClim database.

Global covariate layers

Given the large number of contributors and citizen partic-
ipation, map-based data were used to provide consistent
estimates of environmental conditions to avoid observer
bias or missing values. We extracted 125 ecologically rel-
evant global products (covariate layers) from different
sources (see Table S5) and unified them to a 30arcsec
pixel grid (roughly 1km?) in EPSG:4326 (WGS84). These
layers included global patterns in climate (e.g. mean an-
nual air and soil temperature, mean annual precipita-
tion), vegetation productivity and abundance (e.g. net
primary production, forest cover), anthropogenic land-
scape heterogeneity (e.g. population density, percentage
developed land), topography (e.g. elevation, slope), spec-
tral reflectance bands, topsoil chemistry (e.g. pH, cation
exchange capacity) and topsoil physical parameters (e.g.
bulk density). In addition, biomes were obtained from
Olson et al. (2001).

Analysis of global patterns

To understand global patterns of k1,5, and S, as well as
their relationships with each other and with major environ-
mental drivers, we tested for differences in means across
biomes, between agricultural and non-agricultural soils,

and for relationships of the TBI proxies with mean annual
soil temperature and precipitation, using Generalized
Least Squares models (GLS). We focused on temperature
and precipitation as they confound the major gradients in
our environmental products (Figure S5) and are straight-
forward to interpret (Prescott, 2010). For all models, an
exponential spatial autocorrelation structure was included
after testing the best fit based on AIC-criteria (compar-
ing: no, exponential, ratio, linear, gaussian or spherical
spatial autocorrelation structures). Variograms show that
this improved model performance in all tests (Figure S6).
We transformed k1,5, using the natural logarithm in all
analyses to meet model assumptions. A Tukey post hoc
test was used to test differences between biomes (restricted
to those where we had data from >10 unique pixels) and
weighted biome means were calculated using ‘emmeans’
(Lenth et al., 2023).

Second, we ran a GLS model testing the relationship
between kly; and S (including spatial autocorrela-
tion following the procedure outlined above) and cor-
related the residuals to mean annual soil temperature
and precipitation to evaluate what caused decoupling of
klpp; and Spp,. For this latter we also used GLS, but we
did not include a spatial autocorrelation structure as this
was already accounted for by the model from which the
residuals were derived. Last, we re-ran all models using
mean annual air temperature.
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Geospatial modelling

To explore spatial patterns of early mass-loss dynamics of
plant litter and derive global maps of predicted TBI prox-
ies, separate random forest models were built for S;, and
In-transformed klp,, following the procedure outlined in
van den Hoogen et al. (2019). We performed a grid search
procedure to tune the random forest models across a range
of 30 hyperparameter settings (with 2—10 variables per split
and 2—-6 as a minimum leaf population). For each of the 30
models, we assessed the model performance using k-fold
cross-validation (using k=10; folds assigned randomly,
stratified per biome to ensure equal representation of each
bioclimatic zone). The mean coefficient of determination
R? across the tested models was the basis for choosing the
best model (van den Hoogen et al., 2019). The final image
was subsequently calculated as a mean of the top 10 best
performing hyperparameter settings. To generate coeffi-
cients of variation images (standard deviation divided by
mean) that provide a per-pixel accuracy of our predicted
TBI, we followed a stratified bootstrapping procedure
(stratified per biome). After classifying the composite ras-
ter data 100 times, we used these to create per-pixel mean
and standard deviation images. The resulting maps of pre-
dicted TBI proxies and associated models should be used
to address large rather than small spatial scales.

To quantify the potential extrapolation of our TBI maps
we assessed if the pixels with measurements covered the
environmental conditions of the pixels without measure-
ments, taking into account combinations of two environ-
mental variables. To this end, we first performed a PCA
using the 125 covariate layers for all pixels for which we
had measurements (van den Hoogen et al., 2019). Second,
we transformed all terrestrial pixels without measurements
into the same PCA space by using scaling and centring the
eigenvectors and values of the PCA. Third, we represented
the sampled environmental conditions (interpolation) by
creating PCA convex hulls enclosing the pixels with mea-
surements. We did this for all bivariate combinations of the
first 28 PCA axes (explaining >90% of the PCA-variation
and resulting in 378 combinations). Last, for each pixel
without measurements, we quantified a per-pixel degree
of interpolation as the % of the convex hulls that included
this pixel. Geospatial analyses and extrapolation were
performed in Google Earth Engine and Python (Gorelick
et al., 2017).

Global estimates

To assess the global magnitude of carbon in easy-to-
degrade litter components that is subjected to stabi-
lization per year, we first obtained six global maps
of litter production (He et al., 2021). These include a
measurement-based interpolation map in addition to
equivalents to litter production from five well-accepted
land surface models (CABLE, ISAM, JULES, OCN and

ORCHIDEE) at a resolution of 1800arcsec (0.5°). To
account for the variation of litter quality, we took the
median (0.72), upper quartile (0.80) and lower quartile
(0.61) hydrolysable fraction from 145 plant species (Own
measurements; Harmon, 2016; Robbins et al., 2022, see
Figure S7). This proved a robust representation of the
variation in litter quality and spanned the same range as
the (unequally represented) growth forms (Figure S7). We
then multiplied each pixel in each of the six global maps
of litter production with the three hydrolysable fractions.
Subsequently, we multiplied those 18 estimates with the
predicted pixel S;p; (unified to a 0.5-degree resolution).
Last, we multiplied each pixel with the landmass of that
pixel and summed values worldwide to obtain 18 esti-
mates of global Gt C year™' subjected to stabilization.

Using TBI to estimate local litter mass loss

We explored the hypothesis that the stabilization factor
can be used to estimate mass losses from the hydrolys-
able fraction of any type of plant litter at a given location
by making a comparison between measured local litter
mass loss and predicted mass loss using the TBI proxies.
To this end, we buried teabags and local leaf litter (four
replicates of three litter types and two retrieval dates
for local litter=16 bags per location) at ten forests in a
gradient from northern Finland to Italy in the European
Integrated Carbon Observation System (ICOS) infra-
structure (Figure S8; Table S6). Leaf litter from the
dominant tree species at these locations (e.g. pine, oak,
beech) was fragmented to <0.5cm?” and 2 g was, per spe-
cies, enclosed in nylon mesh bags exactly identical to tea
bags. Bags were buried between 26 April and 22 June
2016 following the TBI protocol (Keuskamp et al., 2013).
Rooibos, green tea and local litter bags were retrieved
after 90days, and one more set of local litter bags after
two growing seasons (380-457days). This longer period
was needed for local litter to reach stabilization because
local litter resembled rooibos in composition, and rooi-
bos also needed more than 90days. The remaining litter
dry mass was determined (60-70°C for 48h), and kl 4,
and S5, were calculated using the tea bags (Box 1).

We determined the hydrolysable fraction (gg~") by acid
fractionation of four replicate samples of 1 g ground ma-
terial of each litter type (ranging from 0.496+0.026 S.E.M.
to 0.708+£0.034S.E.M.) as in Keuskamp et al. (2013).
Subsequently, we predicted the decomposable fraction
(a;) and proportion of initial mass remaining at time ¢
M, (t) for local litter at all locations for the days (7) that
the local litter was incubated, using the locally measured
klpg; and S;p; and the hydrolysable fraction of the local
litters ().

M (1) = age il 4 (1-ap) )

With:
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ag =HL(1 _STBI) (6)

We subtracted the calculated M| (f) from the observed
remaining local litter mass. In this way, negative values
indicate how much the TBI proxies overestimate the
local litter mass loss. We contrasted the location means
(n=10) of the TBI-based estimates with a model without
stabilization factor, assuming a; = H, . This assumes that
eventually all hydrolysable material is broken down.

M (ty=H e + (1 - Hy) (7
Where k1, is the initial mass-loss rate determined

using local litter mass loss after 90days and its hydro-
lysable fraction. The estimations were tested with a

3 16 ()
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paired t-test with location as pairing factor. All analyses
were performed in R 4.3.1 (R Core Team, 2023).

RESULTS

Global drivers of initial mass-loss rate and
stabilization factor

Across the global gradients covered by our dataset, we
found that initial mass-loss rates increased as stabilization
factors decreased, forming a strong negative correlation
between k1, p, and S;g,, (correlation coefficient In(k1g,)
and S;5,=—0.97; p<0.001, Figure 2). This correlation re-
flected a shift from high initial mass-loss rates and a low

Tropical moist broadleaf forest (98)
Tropical coniferous forest (3)
Tropical grassland (26)
Temperate broadleaf forest (866)
Temperate coniferous forest (112)
Temperate grassland (103)
Montane grassland (17)

Boreal forest (139)

Tundra (99)

Mangrove (10)

Flooded grassland (3)

Tropical dry forest (1)

/N Mediteranean (149)

() Desert (17)

1 04OPOO®PI(OP A

2
<

0 025 05 0.75

0 025 05 0.75

Stabilization Stg,(g g)

FIGURE 2 Deviations from the overall negative correlation between k15 and Sy, of biomes and interactive effects of soil MAT and MAP.
(a) Mean kl and S5, per biome. Colour coding follows main climatic conditions, with red for tropical, orange for temperate, blue for cold,
black for wetlands and white for dry ecosystems. Forest biomes are indicated by triangles and low vegetation system by circles. Values shown
are corrected for spatial autocorrelation. Error bars are standard errors. Biome names follow Olson et al. (2001) with some abbreviations. Full
biome names can be found in Table S4 and Tukey post hoc tests in Table S7. Numbers behind category names indicate the number of pixels per
biome. (b) Scatter plot of k15, and Sy, coloured by the mean annual soil temperature and (c) mean annual precipitation of the location. Hence,
deviations of the overall correlation between klp; and Sy, are determined by the interaction between soil MAT and MAP (F-ratio=13.35,
2<0.001). See Table S8 for remaining statistics and the relations of the residuals with mean annual air temperature.
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stabilization factor in warm tropic biomes (wet broadleaf
forests, savannas) to low initial mass-loss rates and high
stabilization factors in cold and dry biomes such as boreal
forest and deserts (Figure 2a; Table S7).

Despite this strong general trend across climatic
zones, rates and relationships varied across biomes.
For example, the tundra biome had intermediate kl g,
values not differing significantly from any other biome
(Table S7). However, its S, was high; more than twice
that of tropical moist broadleaf forest (p<0.001) and
mangroves (p=0.007) and nearly twice that of temperate
grasslands (p=0.060) and tropical grasslands (p=0.074;
Table S7). Similarly, tropical grasslands and deserts had
contrasting initial mass-loss rates (p<0.001), but similar
stabilization factors (p=0.57).

Another deviation from the global trend across cli-
matic zones was that mediterranean forests, boreal and
temperate coniferous forests had very similar k1,5, and
S+ values despite their very different climate conditions
(Figure 2). Agricultural cultivation significantly increased
klpg by 30% (GLS; F]’1631 =6,32; p=0.012), whereas
Stpy Was not significantly affected (GLS; F1,1704:2.282;
p=0.131; Figure S9). Analysing the residuals of the rela-
tionship between k1l 5, and S;p, showed that deviations
depend on climate (Figure 2b,c; Table S§). The modelled
relationship underpredicts the observed k1., in cold and
moist conditions, whereas k1,5, is overpredicted in warm
and wet conditions (Table S8).

We found that both k1., and S, were affected by
the significant interaction between mean annual soil tem-
perature and precipitation, but in different ways. Whereas
kl;g; increased with both soil temperature and precipita-
tion for globally relevant values, S, decreased with both
for soil temperatures larger than —2.87°C but increased
with precipitation for lower soil temperatures (Figure 3;
Figures S10 and S11; Table S9). This implies that in cold
locations, both kl 5, and S; g, increase with increasing
precipitation, whereas in warmer locations k1, increases
and Syp, decreases with increasing precipitation. Similar
relationships were observed with mean annual air tem-
perature (Figure S10).

Global patterns

Interpolation of the nearly 2000 pixels resulted in differ-
ent spatial patterns (Figure 4) for k1,5, and S;,. While
kg was relatively high in the wet tropics, intermediate
and relatively constant across the Arctic, boreal and tem-
perate zones, and lowest in dry regions at intermediate
latitudes, S;5; was lowest in the wet tropics and generally
increased towards colder and drier biomes. Important
predictors for variation in kl;g, were soil temperature
ranges, soil moisture, and mean annual soil temperature,
whereas the most important predictor for S;p, variation
was the mean annual air temperature (Table S10). Overall,
the 10-fold cross-validated R* was 0.29+0.01s.d. for klpg,

(a)
[ soil MAT oC
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Decomposition rate (mg g-1 day-1)
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FIGURE 3 The interaction of both kl, and S;, with MAT
and MAP causes decoupling in dryer and colder environments.
Relationship between mean annual precipitation (MAP) and k15,

(@) S, (b) for different values of mean annual soil temperature
(MAT), based on the models described in Table S9. Lines indicate the
mean and the shaded areas the confidence intervals obtained using
‘predictSE.gls’ in the AICcmodavg package in R. Using mean annual
air temperature resulted in similar patterns (Table S9; Figure S9).

and R*=0.61+0.03s.d. for St Moreover, sampled pix-
els represented the global environmental conditions well
and extrapolation was limited since 73% of the world's
pixels fell within more than 95% of the PCA convex hull
spaces that enclosed the sampled pixels. Outliers, that is
falling within less than 25% of the PCA convex hulls, were
mostly located in arid and polar regions (Figure S12).

We estimated that litter equivalent of 7.9-12.3 Gt carbon
year ! is subjected to stabilization globally (Figure S13)
based on the six available global litter production esti-
mates of He et al. (2021) and using a median hydrolysable
fraction. Accounting for variation of the hydrolysable frac-
tion increases the range to 6.7-13.7 Gt carbon year . The
measurement-based litter production map estimated from
7.2 to 9.4 Gt carbon year™' (Figure S13).

Estimates of local litter decomposition
We found that using TBI proxies significantly improved

estimations of mass loss compared to the ordinary two-
phased model in which all the hydrolysable material will
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(d)
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FIGURE 4 Global patterns of klp; and Sy, differ and have a high accuracy. (a) Initial mass-loss rate (k1) and (b) the stabilization
factor (S, of hydrolysable litter fractions and (c, d) accuracy of the predictions quantified as coefficient of variation (bootstrapped standard
deviation divided by the mean predicted value). In panels (a) and (b), colours indicate predicted values with darker colours indicating lower
initial mass-loss rates or higher stabilization factors. In panels (c) and (d), colours indicate the upper quartile of the bootstrapped coefficients
of variation and thus lower accuracy of the prediction. Boxplots next to the scale indicate the quartile ranges and median of the mapped values.
White areas were removed from the map due to extrapolation risks (Figure S11). Predictions of k1, had lowest accuracy in dry areas, whereas

the accuracy of predictions of Sy was lowest around the equator.

eventually decompose (¢-test; 1=—9.10, d.f.=9, p<0.001).
The ordinary two-phased model consistently overesti-
mated mass loss in all locations (mean absolute differ-
ence in mass loss 20.9% =1.9 SE). Using the TBI proxies
reduced overestimation of mass losses (mean absolute
difference in mass loss 8.6% +2.6 SE), and differences
ranged from a nearly exact match in a French and an
Italian broadleaf forest to a 25.2% overestimation in a
Dutch coniferous forest (Figure 5).

DISCUSSION

We found an overall negative correlation between initial
mass-loss rate of hydrolysable fractions (kl ) and the
stabilization factor (Spg;). Our large, standardized dataset
further showed that k1,5, and Sy, can vary independently
of each other in specific climatic and environmental set-
tings, implying a decoupling. The TBI proxies provided
better estimates of mass loss of local litter compared to
models that ignored stabilization, and on a global scale the
amount of carbon subjected to stabilization is considerable.

Decoupling of initial mass-loss rate and
stabilization

The two TBI proxies are strongly negatively correlated
at a global scale. Hence, warm and moist conditions that
typically enhance microbial activity (Prescott, 2010), re-
sulted in both faster decomposition (higher initial rates)
as well as a less material being left (lower stabilization
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FIGURE 5 Addition of the stabilization factor improves

mass loss predictions of local litter compared to models ignoring
stabilization after two growing seasons in ICOS-forest locations (see
Table S6 and Figure S8 for location details). Error bars are standard
deviations of local litter measurements. Whereas an ordinary
two-phase model (white circles) overpredicts mass losses of local
litter in all locations, estimates using the TBI proxies (triangles)
provide reasonable estimates of the local litter of about seven of the
locations.

factor). However, we also observed that specific combina-
tions of environmental factors (moisture gradients in cold
environments) determine how much of the hydrolysable
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fraction will disappear, while other factors (e.g. agricul-
ture) determine the rate by which it is lost. These world-
wide gradients match earlier descriptions of decoupled
TBI proxies at local scales in boreal floodplains (Sarneel
& Veen, 2017), wetlands (Mueller et al., 2018), grazed
grasslands (Tang et al., 2020) and in fertilized soils
(Ochoa-Hueso et al., 2020), and add new knowledge about
intermediate mass-loss rates yet very high stabilization in
the tundra biome compared to other biomes. Although
poorly understood, differential effects of environmental
conditions on decomposition have been reported for leaf
litter as well. For instance, Hobbie et al. (2012) found that
nutrient addition affected the degree to which oak leaves
were decomposed (stabilization) more than the initial
mass-loss rate of those leaves. Hence, our process-based
approach and uniform global dataset puts what was pre-
viously suggested in regional or small-scale studies into a
coherent global context and framework.

Although we lack direct evidence for a mechanism, we
found indications for three potential mechanisms. First,
specific conditions, (e.g. nutrient availability) could en-
hance degree of decomposition of the hydrolysable frac-
tion (stabilization) or microbial nutrient use efficiency,
while other conditions that co-vary with the first con-
dition (water limitation, temperatures, oxygen depriva-
tion) may inhibit initial mass-loss rates (Ochoa-Hueso
et al., 2020; Sarneel & Veen, 2017). Second, decoupling
could potentially occur when leaching provides a relative
more important contribution to mass loss than micro-
bial decomposition. For instance, due to cold conditions
the tundra may have decreased microbial activity and
hence relatively small mass losses (high stabilization fac-
tor). However, since leaching is a fast process (Gessner
et al., 1999) that occurs without microbial activity, this
may explain why we observed a relatively high initial mass-
loss rate in the tundra. The water-soluble fraction of the
tea used in TBI lies within the range observed in other tree
species (Sarneel et al., 2023) and separating microbial de-
composition from leaching, which is an inherent challenge
in litter bag studies, is an emerging field (van den Brink
et al., 2023). Third, our results suggest that a decoupling
could result from non-climate factors associated with the
vegetation (Althuizen et al., 2018), such as symbiosis with
mycorrhizae, allelochemicals, priming, etc. (Bahram et al.,
2020) based on absence of differences between conifer-
ous biomes in different climate zones. Although further
mechanistic studies are needed, the observed decoupling
between initial rates and final degree of decomposition of
easy-to-decompose litter components urges its implemen-
tation in carbon models. Opportunities to explore these
critical aspects, with potential implications for ecosystem
carbon cycling, are limited in current models.

In contrast to the ecological explanations provided
above, Mori et al. (2022) argued that when the stabilization
factor is not transferrable across litter types (an assump-
tion underlying TBI; Box 1), this would lead to a decou-
pled, positive relationship between the TBI proxies. Since

our TBI-based estimates of mass loss differed more than
10% from the observed in only three out of 10 forests, we
assume that local, yet unknown, conditions may decrease
the transferability of the stabilization factor. A global anal-
ysis on the size of the stable residue (which is equivalent to
the stabilization factor; Li et al., 2023) suggest that initial
leaf nitrogen and Mn concentrations were important for
stable residue size, and presumably also for the stabilization
factor. Since nutrients could facilitate mass loss of the hy-
drolysable fraction of the nutrient-poor rooibos more than
that of green tea (Duddigan, Alexander, et al., 2020; Fanin
et al., 2020; Kwon et al., 2021) they could indeed decrease
the transferability of the stabilization factor. However, this
is hard to quantify on a global scale and may have mostly
affected k1l that depends on the transfer of the stabili-
zation factor (e.g. a low R?). We further know that a very
long or short incubation time can restrict the transferabil-
ity (Keuskamp et al., 2013), which we addressed by having
rather narrow selection criteria for incubation duration.

Comparisons to local litter in our study suggest that
local, yet unknown conditions may affect the transfer-
ability. For instance, home field advantages can arise
from local interactions between litter quality and local
decomposer communities (Veen et al., 2015), enhancing
local litter decomposition. Yet, being non-local plant
material to most systems, the TBI overcomes potential
confounding effects that litter from more common plant
species could have. So, although we do not exclude viola-
tions on a local scale, our observed strong negative rela-
tion between mass-loss rate and stabilization at a global
level may indicate that the assumption on transferability
holds. Hence the gained process understanding implies
that decoupling should be considered when interpreting
mass losses in natural litter, or assessing the decomposi-
tion responses to, for instance, changes in environmental
conditions.

Initial mass-loss rates at a global scale

The effect of temperature and precipitation on initial
mass-loss rate confirm the proposed hierarchal drivers
(Prescott, 2010), where cold and dry climates have lower
values and smaller variation in initial mass-loss rates.
Roughly half of our measurements were from the (late)
growing season (Figure 1). Hence, the pattern of relatively
high initial mass-loss rates across temperate and polar
zones may imply that the growing season in those regions
generally provides favourable or even optimal conditions
for decomposition. Yet, outside the growing season condi-
tions may be less favourable or even stop decomposition
(Thomas et al., 2023). Inferring from this, the increased
growing season length associated with climate change
(Post et al., 2019), may affect yearly decomposition rates
in addition to other climate-related changes. Further con-
sidering the role of seasonality on early-stage litter break-
down is an important next step in our understanding of
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what drives global patterns of hydrolysable litter mass loss
and its feedback to carbon dioxide emissions and soil or-
ganic matter formation (Daebeler et al., 2022).

Stabilization at a global scale

While the stabilization factor does not directly predict soil
organic matter dynamics, it can be seen as a first step to-
wards incorporation of litter into soil organic matter. Our
first global estimates of litter-derived carbon associated to
stabilization yielded relevant and broadly realistic values.
‘We are aware that those estimates need refinement through
including photodegradation (Austin & Vivanco, 2006), fire
and soil fauna (Njoroge et al., 2022), and biome-specific
variation in litter quality. However, it is promising that the
range of our study is strikingly similar to, for instance,
the ‘mean yearly accumulation of litter with resistance to
decomposition” measured across 40 forests and grassland
systems reviewed by Cebrian (1999) and in range with
the 474 observations of stable residue size collected by
Li et al. (2023). The common practice of overlooking the
transformation of hydrolysable material to more recalci-
trant fractions (Foley, 2005; Parton et al., 1998) or micro-
bial necromass (Buckeridge et al., 2020) and in particular
the differential effect of environmental drivers on initial
mass-loss rates and the stabilization factor could lead to a
potential bias in carbon cycle modelling. Our data, meth-
ods, and suggestions for future development needs are,
therefore, important and relevant from a basic science and
applied perspective.

CONCLUSIONS

Based on empirical litter decomposition data ob-
tained at an unprecedented spatial scale, we demon-
strate how the interaction between temperature and
precipitation can decouple initial mass-loss rates and
stabilization of litter-derived carbon. This bears im-
portant consequences under climate change, as this
decoupling can result in context-dependencies in how
warming affects ecosystem carbon cycling in colder
environments, where environmental change is more
extreme (IPCC, 2022). Further, we note that varia-
tion in empirical litter mass-loss data can result from
a mixture of initial mass-loss rates, stabilization or
even longer term dynamics (Joly et al., 2023). Hence,
we believe that the TBI proxies and their underlaying
global database provide powerful tools to aid process
understanding as well as to train and improve global
carbon models, especially regarding the role of climate
context-dependencies and interactions.
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Table S1: Examples of data quality ensurance in participating networks

Project Examples of used Actions Audience
Sending tea, scales, instruction videos and lesson

Sanden et al. (2020) plans and protocols Schools
Sending tea, weighing incubated tea bags, instruction

Sanden et al. (2020) workshops Schools
Sending tea, communication through social media,

Duddigan et al. (2020) weighing incubated tea bags, meetings Citizens
Instruction video’s, communication through social

Seelen et al. (2019) media, embedding within a bigger project Citizens

Djukic et al. (2018) Protocols, sending tea Scientists

Ochoa-Hueso et al. (2020) Protocols Scientists

Mueller et al. (2018) Protocols Scientists

Pioli et al. (2020) Protocols, tea bags Scientists




Table S2: Studies reporting mass loss, k1.5 or S associated to a GPS location and that used

the standardized tea in woven bags. Obtained from web of science January 2023 and sorted by the last
name of the first author. When mass-loss was reported or when the authors provided the original data,

k1l and S5 Were calculated as for other tea bags, assuming a standard starting weight of the teabags

(1.732 £ 0.062 and 1.865 + 0.047 s.d. gram for green tea and rooibos, respectively).

Country | Reference

MX Aguilar-Cruz, Y., Garcia-Franco, J.G. & Zotz, G. (2020). Microsites and early litter
decomposition patterns in the soil and forest canopy at regional scale. Biogeochemistry,
151, 15-30.

NL Barel, J.M., Kuyper, T.W., Paul, J., de Boer, W., Cornelissen, J.H.C. & De Deyn, G.B.

(2019). Winter cover crop legacy effects on litter decomposition act through litter quality
and microbial community changes. J. Appl. Ecol., 56, 132-143.

AT Bohner, A., Karrer, J., Walcher, R., Brandl, D., Michel, K., Arnberger, A. et al. (2019).
Ecological responses of semi-natural grasslands to abandonment: case studies in three

mountain regions in the Eastern Alps. Folia Geobotanica, 54, 211-225.

EU Bongiorno, G., Bunemann, E.K., Oguejiofor, C.U., Meier, J., Gort, G., Comans, R. et al.
(2019a). Sensitivity of labile carbon fractions to tillage and organic matter management
and their potential as comprehensive soil quality indicators across pedoclimatic
conditions in Europe. Ecol. Indicators, 99, 38-50.

EU Bongiorno, G., Postma, J., Bunemann, E.K., Brussaard, L., de Goede, R.G.M., Mader,

P. et al. (2019b). Soil suppressiveness to Pythium ultimum in ten European long-term

field experiments and its relation with soil parameters. Soil Biology & Biochemistry, 133,
174-187.

BR Brito, B., Veloso, M.D.M., Sarneel, J.M., Falcao, L.A.D., Ribeiro, J.M., Frazao, L.A. et al.
(2020). Litter decomposition in wet and dry ecosystems of the Brazilian Cerrado. Soil
Research, 58, 371-378.

EU Buchholz, J., Querner, P., Paredes, D., Bauer, T., Strauss, P., Guernion, M. et al. (2017).

Soil biota in vineyards are more influenced by plants and soil quality than by tillage

intensity or the surrounding landscape. Scientific Reports, 7.
EU, CH, | Desie, E., Zuo, J., Verheyen, K., Djukic, I., Van Meerbeek, K., Auge, H. et al. (2023).

CA Disentangling drivers of litter decomposition in a multi-continent network of tree diversity

experiments. Sci. Total Environ., 857.
Global Djukic, 1., Kepfer-Rojas, S., Schmidt, I.K., Larsen, K.S., Beier, C., Berg, B. et al. (2018).
Early stage litter decomposition across biomes. Sci. Total Environ., 628-629, 1369-1394.

HI Enoki, T. & Drake, D.R. (2017). Alteration of soil properties by the invasive tree Psidium
cattleianum along a precipitation gradient on O'ahu Island, Hawai'i. Plant Ecol., 218, 947-
955.




JP

Fujii, S., Mori, A.S., Koide, D., Makoto, K., Matsuoka, S., Osono, T. et al. (2017).
Disentangling relationships between plant diversity and decomposition processes under
forest restoration. J. Appl. Ecol., 54, 80-90.

NO

Kolstad, A.L., Austrheim, G., Solberg, E.J., Venete, A.M.A., Woodin, S.J. & Speed,
J.D.M. (2018). Cervid Exclusion Alters Boreal Forest Properties with Little Cascading
Impacts on Soils. Ecosystems, 21, 1027-1041.

US (VA)

Lalimi, F.Y., Silvestri, S., D'Alpaos, A., Roner, M. & Marani, M. (2018). The Spatial
Variability of Organic Matter and Decomposition Processes at the Marsh Scale. Journal

of Geophysical Research-Biogeosciences, 123, 3713-3727.

Southern
EU

Lo Cascio, M., Morillas, L., Ochoa-Hueso, R., Delgado-Baquerizo, M., Munzi, S., Roales,
J. etal. (2021). Nitrogen Deposition Effects on Soil Properties, Microbial Abundance, and
Litter Decomposition Across Three Shrublands Ecosystems From the Mediterranean

Basin. Frontiers in Environmental Science, 9.

AT

Mayer, M., Matthews, B., Rosinger, C., Sanden, H., Godbold, D.L. & Katzensteiner, K.
(2017). Tree regeneration retards decomposition in a temperate mountain soil after forest

gap disturbance. Soil Biology & Biochemistry, 115, 490-498.

DE

Meyer, U.N., Tischer, A., Freitag, M., Klaus, V.H., Kleinebecker, T., Oelmann, Y. et al.
(2022). Enzyme kinetics inform about mechanistic changes in tea litter decomposition
across gradients in land-use intensity in Central German grasslands. Sci. Total Environ.,
836.

Global

Mueller, P., Schile-Beers, L.M., Mozdzer, T.J., Chmura, G.L., Dinter, T., Kuzyakov, Y. et
al. (2018). Global-change effects on early-stage decomposition processes in tidal
wetlands - implications from a global survey using standardized litter. Biogeosciences,
15, 3189-3202.

SI

Oggioni, S.D., Ochoa-Hueso, R. & Peco, B. (2020). Livestock grazing abandonment
reduces soil microbial activity and carbon in a Mediterranean Dehesa. Applied Soil

Ecology, 153.

EU

Pioli, S., Sarneel, J., Thomas, H.J.D., Domene, X., Andres, P., Hefting, M. et al. (2020).
Linking plant litter microbial diversity to microhabitat conditions, environmental gradients
and litter mass loss: Insights from a European study using standard litter bags. Soil
Biology & Biochemistry, 144, 12.

CA (QC)

Saint-Laurent, D. & Arsenault-Boucher, L. (2020). Soil properties and rate of organic

matter decomposition in riparian woodlands using the TBI protocol. Geoderma, 358.

JP

Sasaki, T., Ishii, N.I., Makishima, D., Sutou, R., Goto, A., Kawai, Y. et al. (2022). Plant
and microbial community composition jointly determine moorland multifunctionality. J.
Ecol., 110, 2507-2521.

Sigurdsson, B.D., Leblans, N.L.W., Dauwe, S., Gudmundsdottir, E., Gundersen, P.,
Gunnarsdottir, G.E. et al. (2016). Geothermal ecosystems as natural climate change
experiments: The ForHot research site in Iceland as a case study. Icelandic Agricultural
Sciences, 29, 53-71.




US (FL)

Simpson, L.T., Cherry, J.A., Smith, R.S. & Feller, I.C. (2021). Mangrove Encroachment
Alters Decomposition Rate in Saltmarsh Through Changes in Litter Quality. Ecosystems,
24, 840-854.

SG

Teo, A, Kristensen, N.P., Keuskamp, J.A., Evans, T.A., Foo, M. & Chisholm, R.A. (2020).
Validation and extension of the Tea Bag Index to collect decomposition data from termite-

rich ecosystems. Pedobiologia, 80.

AU

Trevathan-Tackett, S.M., Brodersen, K.E. & Macreadie, P.l. (2020). Effects of elevated
temperature on microbial breakdown of seagrass leaf and tea litter biomass.
Biogeochemistry, 151, 171-185.

ET

Utaile, Y.U., Honnay, O., Muys, B., Cheche, S.S. & Helsen, K. (2021). Effect of
Dichrostachys cinerea encroachment on plant species diversity, functional traits and
litter decomposition in an East-African savannah ecosystem. Journal of Vegetation

Science, 32.

US (AK)

Whigham, D.F., Walker, C.M., Maurer, J., King, R.S., Hauser, W., Baird, S. et al.
(2017). Watershed influences on the structure and function of riparian wetlands
associated with headwater streams - Kenai Peninsula, Alaska. Sci. Total Environ., 599,
124-134.




Table S3: Measurement frequency across years, separated by climatic biome categories (Cold =
Tundra, boreal forest and montane grasslands; Dry = Tropical dry forests, Mediterranean and Deserts,
Temperate = Temperate broadleaf and coniferous forests, temperate grasslands and flooded

grasslands; Tropical = Tropical broadleaf and coniferous forests, tropical grasslands and mangrove).

Measurement frequency of k1, Measurement frequency of Sy,
Year Cold Dry Temperate Tropical Total Cold Dry Temperate Tropical Total
2011 2 2 2 2
2012 9 9 9 9
2013 23 25 2 50 23 25 2 50
2014 37 22 91 16 166 37 22 91 16 166
2015 83 65 442 47 637 83 65 442 47 637
2016 341 113 1034 261 1749 341 113 1034 261 1749
2017 102 160 257 102 621 102 160 257 102 621
2018 13 9 22 13 9 22
2019 1 1 1 1




Table S4: Distribution of starting dates over the year of valid S, incubations, separated by biome. Note that due to the difference in season in the Northern

and Southern hemisphere, most incubations starting in January are from the Southern hemisphere. Cell shading represents measurement frequency. Due to

the only minor differences in the frequencies of green and rooibos, only the incubation frequency of valid S, is given. N indicates the number of pixels with
valid locations for k1,5 and S, as several locations can fall within one pixel, this number is lower than the sum of a row. Biome names are abbreviations of

those used by Olson et al. (2001), which are Tropical and subtropical moist broadleaf forests (Tropical moist forest), Tropical and subtropical coniferous
forests (Tropical coniferous forest), Tropical and subtropical grasslands, savannas, and shrublands (Tropical grassland), Temperate broadleaf and mixed forests
(Temperate broadleaf forest), Temperate coniferous forest, Temperate grasslands, savannas, and shrublands (Temperate grassland), Montane grasslands and
shrublands, (Montane grassland), Boreal forests/taiga (Boreal forest), Tundra, Mangrove, Flooded grasslands and savannas (Flooded grassland), Tropical and
subtropical dry broadleaf forests (Tropical dry forest), Mediterranean forests, woodlands, and scrub (Mediterranean), Flooded grasslands and savannas

(Flooded grassland), Tropical and subtropical dry broadleaf forests (Tropical dry forest), Deserts and xeric shrublands (Deserts).

N for | N for
Biome Stai | Kl Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Tropical moist forest 110 98 18 2 9 26 3 12 19 18 102 97 12 27
Tropical dry forest 4 3 1 2 2
Tropical coniferous forest 1 1 1
Temperate broadleaf forest 895 866 122 | 10 37 117 192 - 293 144 102 9 9 25
Temperate coniferous forest 113 112 8 7 92 39 11 1
Boreal forests 141 139 4 42 113 22 2
Tropical grassland 35 26 24 8 2 1 7 5 7 5 8 3
Temperate grassland 107 103 2 4 21 38 34 12 28 41 4
Flooded grassland 3 3 1 1 1
Montane grassland 18 17 3 9 5 1 7 1 6 1 5
Tundra 99 99 6 297 61 2 1
Mediterranean 154 149 13 44 7 23 23 24 48 70 3 21 47 7
Deserts 22 17 8 4 6 2 1 1 8
Mangrove 14 10 2 6 6 2 1
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Figure S1: Only few of the locations with invalid or broken bags resulted in exclusion of a GPS
location. Spread across a temperature and precipitation grid of a) invalid measurements (incubation

<45, or >135 days, S valuse >1, invalid kl;g, with some kind of small-scale treatment) and b)

measurements of broken or lost bags (holes, removed by animals etc. root ingrowith, termites). In most
locations, there were enough tea bags for valid measurements and the number of c) drop outs and it
spread across climatic conditions did not create large bias. The number of invalid datapoints was
somewhat higher in cold environments as the growing season there does either allow for short or very

long measurements, which we wanted to exclude to prevent violation of our assumptions.
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Figure S2: Geographical spread of incubations with a,b) invalid measurements (incubation <45, or
>135 days, S;g values >1, invalid k1.5, with some kind of small-scale treatment) which sometimes led
to the dropout of a location (e.g. in Madagascar, Antartica, Eastern Canada) and c¢,d) measurements of
broken or missing bags (holes, removed by animals, with root ingrowith, termites or rodent predation).
In general, the spread of invalid measurements or bags with damage was equal across space, and there

were always valid measurements available from the same location.
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Figure S3: Frequency distribution of incubations in soils with agriculture a) Measurement
frequency per pixel separated in measurements in agricultural soil and ambient soils, for the data
included in the model. b) Frequency of removed incubations in agricultural soil, Ambient soil and treated
soils. Zero indicates that there were no other valid measurements at the same location which resulted
of a dropout of this location, wheras a one indicates that there were valid measurements at the same
location. For most of the dropout locations, there were valid measurements in other GPS locations close

by (see figure S2). Ambient locations that were of right incubation duration were excluded due to S

valuse >1, invalid k1. or because they were located in the sea.
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Figure S4: schematic overview of the stepwise aggregation of tea bag measurements to pixel
means. Incubations were defined by starting date, incubation duration, GPS coordinates provided by
the contributor and location name provided by the contributor. The latter usually indicated some kind of
contrast (young or old forest, different mowing regimes) or in case the provided GPS coordinate was of
low resolution, contrasting vegetation types, high or low elevation. For most GPS locations, exclusion
of invalid incubations or lost tea bags (as the crossed circle exemplifies) did not lead to exclusion of
GPS locations or pixel values. In total we collected over 29581 measurements (the exact number is not
known, because we do not always know on how many valid measurements literature values depended)
from 3260 incubations distributed over 1716 pixels. We combined the pixel values with map-based data

of environmental conditions and used this as input for our analysis.
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Table S5: Variables used spatial mapping. This table is provided in a separate Excel file. It contains
full and abbreviated variable names, units and source of each layer. Variables are nhumbered and
grouped in categories indicated by their color, with T for soil and air temperature, M for moisture, V for
plant productivity and variables related to vegetation, R for reflectance, A for spatial heterogeneity and
other factors related to anthropogenic pressure and disturbance, S for soil properties and G for
topography and geography.

14



%'’ a) g b
= MAP o
5 ' -
s \ p =
= o
SN — % MAT
== N = SMAT SMAT and MAT
i [ o

/ i Cluster Reflectance

Antropogenic disturbance = Sgil properties

=» Moisture =% Temperature
= Productivity =¥ Topography
DIM 1 (23.9%) DIM 3 (7.8%)

Figure S5: MAT and MAP represent major gradients in environmental conditions a) loadings of
the covariates on PCA1 (explaining 23.9% of the variance), PCA2 (13.8%) and b) PCA3 (7.8%) versus
PCA4 (5.7%) including all 125 environmental layers of the measured locations in the left-hand panels.

Exact loadings of all variables is found in Table S3.
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Figure S6: Variograms showing the better (more uniform) residual structure of the model with

exponential autocorrelation structure compared to the model without, testing the effect of biome on a)

k1,5 and b) S;g, agriculture on c) k1,5 and d) S;, and e) the relationship between k1.5 and S,
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Figure S7: Hydrolysable fractions per growth form as represented by the database of the combined
measurements in the main text (24 species), Harmon (2016) (48 species) and Robbins et al. (2022) (74
species). The data obtained from Robbins et al. (2022) G stands for grasses (mean = 0.77 + 0.17s.d.,
n = 21), Br stands for broadleaf tree species (mean = 0.71 + 0.15s.d., n = 79), N stands for needle leaf

trees (0.68 = 0.11, n = 32), while other includes forbs (0.68 + 0.11 s.d., n=6), Shrubs (n=4), one fern,

one liana and one lichen.
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Figure S8: Locations of where local litter and tea were buried within the Integrated Carbon

Observation System (ICOS-sites). Colors indicate litter type of the local litter that was used in the

experiment.

Table S6: ICOS location details Characteristics of the European locations and the litter type used in

comparison between local litter and TBI. Country abbreviations and site abbreviations follow the

standards of ICOS. Experimental settings (start date of the experiment, duration in days, litter type

incubated) as well as longitude and latitude of the location.

Country Site  Startdate Duration Latitude Longitude Litter type
CH LAE  5/26/2016 455 47.478  8.365 Broadleaf
DE HOH 5/25/2016 455 52.085 11.222 Broadleaf
DE THA  6/06/2016 457 50.964 13.567 Needles
Fl SOD 6/20/2016 374 67.362 26.638 Needles
FR HES 6/20/2016 455 48.674 7.065 Broadleaf
FR PUE 4/26/2016 455 43.741 3.596 Broadleaf
IT CPz 5/12/2016 448 41.704 12.357 Broadleaf
IT REN 5/30/2016 457 46.587 11.434 Needles
NL LOO 6/22/2016 447 52.166  5.744 Needles
SE SVA  6/03/2016 383 64.256 19.775 Needles
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Table S7: Tukey post hoc comparisons between biomes, with the associated t- and P-values for

k1l and S, Biomes differed significantly in k1.g, (linear Generalized Least Squares model GLS; Fs, 1028
=4.35; P <0.001) and S5, (GLS; Fs,1068 = 7.56; P < 0.001). An exponential correction was chosen after

comparing all possible correlation structures (linear, gaussian, ratio, spherical, exponential and no
correction) by their AIC values. The biomes ‘Tropical dry forest’, “Tropical coniferous forest’ and ‘Flooded
grassland’ were excluded from analysis due to a low number of replicates in these biomes (<10). Full

biome names can be found in the caption Table S3.

k']TBI STBI
Comparison t-value P-value t-value P-value
Boreal forest — Desert 2.860 0.117 -0.541 1.000
Boreal forest — Mangrove -1.103  0.988 2.748 0.167
Boreal forest — Mediterranean 2.214 0.452 -0.298 1.000
Boreal forest — Montane grassland 1.015 0.994 -1.171  0.982
Boreal forest — Temperate broadleaf forest -0.538 1.000 -1.312  0.961
Boreal forest — Temperate coniferous forest 0.181 1.000 0.309 1.000
Boreal forest — Temperate grassland -0.827  0.999 1.893 0.696
Boreal forest — Tropical grassland -2.584 0.226 1.904 0.688
Boreal forest — Tropical moist forest 4174 0.001 -4.539 <0.001
Boreal forest — Tundra -0.838  0.999 -1.802 0.755
Desert — Mangrove -2.923  0.099 3.234 0.045
Desert — Mediterranean 1.621 0.849 -0.329 1.000
Desert — Montane grassland 1.413 0.932 0.547 1.000
Desert — Temperate broadleaf forest 2.790 0.141 -1.505 0.906
Desert — Temperate coniferous forest 2.898 0.107 -0.335 1.000
Desert — Temperate grassland 3.229 0.041 -1.946  0.659
Desert — Tropical grassland 4.202 0.001 -2.075 0.567
Desert — Tropical moist forest 5124 < 0.001 -4.124  0.002
Desert — Tundra 3.126 0.056 0.835 0.999
Mangrove — Mediterranean -2.183 0.473 3.013 0.085
Mangrove — Montane grassland -1.605 0.857 3.334 0.033
Mangrove — Temperate broadleaf forest -1.363  0.946 2177 0.493
Mangrove — Temperate coniferous forest -0.991  0.995 3.062 0.074
Mangrove — Temperate grassland -0.653 1.000 1.461 0.921
Mangrove — Tropical grassland 0.773 0.999 0.803 0.999
Mangrove — Tropical moist forest 1.058 0.991 -0.733  1.000
Mangrove — Tundra -0.532  1.000 3.779 0.007
Mediterranean — Montane grassland 0.213 1.000 0.959 0.996
Mediterranean — Temperate broadleaf forest 2.260 0.419 -1.831 0.737
Mediterranean — Temperate coniferous forest 2.238 0.435 -0.009 1.000
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Mediterranean — Temperate grassland
Mediterranean — Tropical grassland

Mediterranean — Tropical moist forest
Mediterranean — Tundra

Montane grassland — Temperate broadleaf forest
Montane grassland — Temperate coniferous forest
Montane grassland — Temperate grassland
Montane grassland — Tropical grassland

Montane grassland — Tropical moist forest
Montane grassland — Tundra

Temperate broadleaf forest — Temperate conif. forest
Temperate broadleaf forest — Temperate grassland
Temperate broadleaf forest — Tropical grassland
Temperate broadleaf forest — Tropical moist forest
Temperate broadleaf forest — Tundra

Temperate coniferous forest — Temperate grassland
Temperate coniferous forest — Tropical grassland
Temperate coniferous forest — Tropical moist forest
Temperate coniferous forest — Tundra

Temperate grassland — Tropical moist forest
Temperate grassland — Tundra

Temperate grassland -Tropical grassland

Tropical grassland — Tropical moist forest

Tropical grassland — Tundra

Tropical moist forest — Tundra

2.780
3.931
6.043
2.509
0.839
1.093
1.450
2.703
3.443
-1.452
-0.719
-1.430
-3.070
5.534
-1.299
-0.607
-2.391
3.740
-0.658
3.012
-0.130
1.927
0.198
1.680
2.463

0.143
0.003
< 0.001
0.264
0.999
0.989
0.921
0.173
0.021
0.920
1.000
0.927
0.066
< 0.001
0.961
1.000
0.334
0.007
1.000
0.078
1.000
0.660
1.000
0.818
0.289

-2.130
-2.160
-4.920
1.372

-2.205
-0.994
-2.525
-2.931
-5.108
-0.244
-2.328
0.951

1.222

-4.346
-2.872
2.232

2.213

-5.138
-1.454
-2.736
-3.139
-0.478
-1.831
-3.066
-5.465

0.527
0.505
< 0.001
0.947
0.474
0.995
0.270
0.106
<0.001
1.000
0.389
0.996
0.976
< 0.001
0.123
0.454
0.467
< 0.001
0.923
0.171
0.060
1.000
0.737
0.074
<0.001
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Figure S9: Effects of agriculture on k1., and S;;. Difference between locations with and without
agriculture for klg, (a, ¢) and S, (b, d). a, b shows the variation across latitudes, and ¢ and d the mean

for each group with correction for spatial autocorrelation, as the spread of agricultural locations was
highly clustered. We compared pixels with and without agriculture using a generalized least squares
model and an exponential autocorrelation structure. The best autocorrelation structure was selected by
comparing models with different structures based on their AIC values. We found a significant effect of
agriculture on klg, (GLS; F1, 1631 = 22546; P = 0.012) but not on S;g, (GLS; F1,1704 = 377; P = 0.131).

Agriculture occurs across the world and was therefore not analyzed as a separate biome or biome type.
In our dataset, agriculture was represented by hayfields, crop farming, vineyards and a few orchards.
Other (less intensive) land management also occurred, like forestry and grazing. However, this was
often not indicated as ‘farming’ or ‘agriculture’ but can have substantial effect on decomposition (by
species management, trampling, etc.). Because we did not always have detailed information on the
exact land use, we included measurements from agricultural fields and considered them as
representative soils for the pixel of that location. Within the selection of environmental variables, we
included ‘Land cover with cultivated and managed vegetation’, as a way to account for the effect of

agriculture.
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Table S8: The residuals of the relationship between k1,5 and S;;, depend on environmental

conditions. Statistics from models including either soil or air mean annual temperature and mean

annual precipitation. P-values were obtained using joint_tests from the emmeans package (Lenth et
al. 2023) with the 1637 degrees of freedom

Soil MAT Air MAT
model term F ratio P F ratio P
MAT 2.939 0.087 2.755 0.097
MAP 3.631 0.057 3.691 0.055
MAT*MAP 13.35 <0.001 10.10 0.002

Table S9: The importance of mean annual temperature and mean annual precipitation for k1,

and S.;,. Using either soil or air temperature. P-values and model coefficients were obtained using

joint_tests from the emmeans package (Lenth et al. 2023) and therefore have variable degrees of

freedom.
Initial decomposition rate Stabilization factor

Model term d.f. F ratio P Coefficients d.f. F ratio P  Coefficients:
Intercept -4.78 0.333
Soil MAT 250.16 0.141 0.708 23196 22764 <0.001 -0.0016
MAP 193.02 6.097 0.0144  0.000082 63825 11.207 0001 -8-6"10°
Soil MAT*MAP 273.85 18.248 <.0001  0.000006 40406 5696 0018 -3-0710°
Intercept -4.78 0.336
Air MAT 26525 0 0.9995 186.34  29.354 <0.001 -0.0029
MAP 201.38 6.096 0.0144  0.000081 703.8 6.468 0.011 -8.5*10°
Air MAT*MAP  297.93 11.989 0.0006  0.000006 39569  3.882 0.049 -2.3*10°¢
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Figure S10: The interaction of both k1,5 and S5, with MAT and MAP causes decoupling in dryer and colder environments. Relationship between k1,
(top row) and S+, (bottom row) with mean annual precipitation for different values of mean annual soil (A, B) and air temperature (E, F) or, using the same data,
the relation with soil MAT (C, D) and air MAT (G, H) for different values of MAP. Hence the left hand panels reflect predictions using soil temperature and the

right hand panels air temperature.
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Figure S11: The interaction of both k1,5 and S;5, with MAT and MAP causes decoupling in dryer
and colder environments (continued). The relation between k1,5 and S5, under different temperature

and precipitation regimes. Left-hand figure uses soil temperature (summarizing Figure S9A-D), while

the right-hand figure shows the relations using air temperature (summarizing Figure S9E-H).
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Table S10: Feature importance of the 20 most important variables for the predictive maps. Colors
indicate the relative importance expressed by their Gini value. Variable category abbreviations are
Anthropogenic landscape heterogeneity (A), moisture (M), Radiation (R), Soil (S), Temperature (T),

Topography (To) and Vegetation (V). A full list of variables and their sources can be found in table S3.

Variable Cat k S
Aridity index M 0.529
Potential Evapotranspiration M 0.401
Correlation of the Enhanced Vegetation Index (EVI) A 0.689
Elevation To 0.619

Mean enhanced vegetation index \% 0.564
Photosynthetic active radiation R 0.547

Gross primary production V 0.404
Leaf area index V 0.379
Nadir reflectance band 1 R 0.384
Nadir reflectance band 4 R 0.390
Mean Annual soil Temperature of the top 5 cm T 0.367
Soil temperature isothermally of the top 5 cm T 0.695

Mean diurnal soil temperature range of the top 5 cm T 0.937

Mean soil temperature of the coldest quarter of the top 5 cm T 0.544 0.408
Mean soil temperature of the coldest month of the top 5cm T 0.384
Mean yearly soil temperature range of the top 5 cm T 0.962 | 0.484
Soil temperature seasonality of the top 5 cm T 0.571 0.356
Mean Annual soil Temperature at 5-15 cm depth T 0.565 0.399
Mean soil temperature of the coldest quarter at 5-15 cm depth T 0.411
Mean soil temperature of the driest quarter at 5-15 cm depth T 0.382
Mean soil temperature of the coldest month at 5-15 cm depth T 0.400
Mean yearly soil temperature range at 5-15 cm depth T 0.848

Soil temperature seasonality at 5-15 cm depth T 0.628 0.656
Clay Content in top 5 cm soil S 0.647

Sand content of top 5 cm soil S 0.565

Water saturation of the top 5 cm soil S 0.543

Soil organic carbon stock in top 5 cm S 0.599
Available capacity of moisture storage in top 5 cm soil s

(compared to wilting point) 0.765
Volumetric fraction available water capacity S

with FC = pF2.0 in top 5 cm soll 0.675

Mean annual temperature of the air (MAT) T 0.691 | 1.000
Mean annual precipitation (MAP) M 0.763 0.614
Annual mean water vapor pressure M 0.501
Annual mean solar radiation R 0.389
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Figure S12: Model extrapolation risks for k1,5 (a) and S, (b) as the fraction of the environmental

variables that were inside the sampled range based on the bivariate convex hulls of all possible PCA-
biplots. PCA axes were constructed explaining 80% of the variation in the environmental data of the
sampled dataset. For each pixel, we determined the location in the same multivariate space, and noted
if this was within or outside the convex hull of the sampled locations. As a measure of extrapolation, the
percentage of PCA convex hulls for which the pixel falls within the measured range was calculated.

Areas with a higher risk of extrapolation (<50%), were not included in our global map (see Methods).
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C subjected to stabilization (Gt y™)

Figure S13: Carbon in litter subjected to stabilization per year based on different litter
production estimates and assuming different estimates of hydrolysable fractions. Using a database
of 145 plant species, we used the median (black dots) the upper and lower quartile (error bars). Used
models and their litter estimates are described in detail in (He et al. 2021). In short, BRT is
extrapolated from 2401 field observations while CABLE, ISAM, JULES, OCN and ORCHIDEE

represent equivalents to litter production of five well-accepted land surface models.
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Figure S14: effect of incubation duration on mass loss of a) rooibos and b) green tea for studies with at
least three measurements (>10 days apart) and c) the climatic distribution of the sampled locations
(colors matching a and b). Each line represents a timeseries at one GPS location (N = 14). Vertical
dashed lines indicate the selection criteria. Too short incubation durations result in overestimation of
both k1.5, and S+, too long incubations usually prevent the calculation of k1;4,. The red and dark brown

lines are from tundra systems, blue/green lines agricultural fields in USA, Purple/pink from Austria and

black west Australia.
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Rscript and Data (separate files)

R-script containing all the analyses that were presented in ‘Reading tea leaves worldwide: decoupled
drivers of initial litter mass-loss rate and stabilization’. The R script was developed under R version 4.3.1.
The data used in the R script was published on https://zenodo.org/records/10514225
(DOI:10.5281/zenod0.10514225). Associated to this dataset are also the global maps of initial
decomposition rate (https://zenodo.org/uploads/10513802; DOI: 10.5281/zenodo.10513802) and
stabilization factor (https://zenodo.org/uploads/10514018, DOI: 10.5281/zenodo.10514018). Last, we
provide the standardized excel sheets that were used in this study and the R script to extract data from
those sheets on https://zenodo.org/records/10518169 (DOI: 10.5281/zenodo.10518168)
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