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Permafrost regions contain approximately half of the carbon stored in land ecosystems
and have warmed at least twice as much as any other biome. This warming has influenced
vegetation activity, leading to changes in plant composition, physiology, and biomass
storage in aboveground and belowground components, ultimately impacting ecosys-
tem carbon balance. Yet, little is known about the causes and magnitude of long-term
changes in the above- to belowground biomass ratio of plants (). Here, we analyzed 1
values using 3,013 plots and 26,337 species-specific measurements across eight sites on
the Tibetan Plateau from 1995 to 2021. Our analysis revealed distinct temporal trends
in 1 for three vegetation types: a 17% increase in alpine wetlands, and a decrease of
26% and 48% in alpine meadows and alpine steppes, respectively. These trends were
primarily driven by temperature-induced growth preferences rather than shifts in plant
species composition. Our findings indicate that in wetter ecosystems, climate warming
promotes aboveground plant growth, while in drier ecosystems, such as alpine mead-
ows and alpine steppes, plants allocate more biomass belowground. Furthermore, we
observed a threefold strengthening of the warming effect on 1 over the past 27 y. Soil
moisture was found to modulate the sensitivity of 1] to soil temperature in alpine mead-
ows and alpine steppes, but not in alpine wetlands. Our results contribute to a better
understanding of the processes driving the response of biomass distribution to climate
warming, which is crucial for predicting the future carbon trajectory of permafrost
ecosystems and climate feedback.

vegetation adaptations | permafrost | climate warming | biomass allocation | carbon trajectory

Rapid warming in alpine permafrost regions is driving changes in plant growth (1), abun-
dance (2), and species composition (3, 4), which determines plant aboveground versus
belowground biomass distribution and exerts feedback on the carbon cycle (5). Changes
in plant biomass allocation and turnover can alter the rate of soil organic carbon (SOC)
accumulation and mineralization (6, 7) and facilitate the mineralization of old soil organic
matter (SOM) by enhancing the content of labile carbon substrates and available nitrogen.
These processes can stimulate microbial decomposition (8, 9) and ultimately increase soil
CO, emissions (8, 10).

Multiple lines of evidence suggest that climate change will cause shifts in above- and
belowground plant biomass in permafrost ecosystems (11, 12). For instance, warmer and
moister summers led to greater biomass allocation toward leaves and stems to absorb more
light and CO, (13-15). Conversely, some studies have shown that root length has increased
by 30 to 140% allowing plants to acquire more nitrogen from thawed permafrost (16-18),
while decadal-scale aboveground biomass has remained steady (18, 19).

Although plants have been shown to adjust their above- and belowground biomass
growth differentially in response to climate change (20, 21), there is a limited understand-
ing of the changes in the above- to belowground biomass ratio (hereafter referred to as
1), which provides a holistic metric for assessing plant resource acquisition. Competing
hypotheses exist regarding how 1 responds to climate warming. These include species
shifts resulting from resource competition, and plant allocation adjustments within the
same species to optimize resource acquisition. In permafrost-affected ecosystems, 1 is
expected to be sensitive to soil warming and permafrost thawing (14), as increased min-
eralization within the active layer is linked to nitrogen release from thawing permafrost
(18). Other mechanisms can also alter 1, potentially amplifying or counteracting changes
predicted by soil temperature alone. For example, a decline in the soil water table can
increase the abundance of long-root species and reshape plant community composition,
ultimately leading to a decrease in 1) as observed in Arctic grasslands (1, 22). Conversely,
extreme drought can stimulate plants to allocate more biomass into propagules without
affecting root growth, thereby enhancing 1 in tundra ecosystems (23, 24). However, given
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Fig. 1. Locations of study sites, the mean values of the ratio between aboveground and belowground biomass (n; mean + SD) and its temporal trend with
vegetation types of alpine wetland (blue), alpine meadow (orange), and alpine steppe (red) from 1995 to 2021. (A) Spatial distribution of sites. (B) Estimated plot-
level 1) in three major alpine ecosystems on the Tibetan Plateau: i) alpine wetlands, including 680 plots from five sites calculated from the six to eight dominant
plant species; ii) alpine meadows, including 1,214 plots from eight sites calculated from the 8 to 12 dominant plant species; and iii) alpine steppes, including
1,119 plots from eight sites calculated from the 8 to 12 dominant plant species. (C) Density of decadal-scale trend magnitudes of estimated plot-level ny in alpine
wetland (blue line; n = 108), alpine meadow (orange line; n = 192), and alpine steppe (red line; n = 285) (decade™) during 1995 to 2021. The x axis range for
each vegetation type covers two SD from the median, or approximately 95% of the data. The vertical dashed lines indicate median trends, and the zero trend
is highlighted by a black vertical line. (D) Smoothed curves of generalized additive mixed models (GAMMs) for the alpine wetlands (blue line; n = 680), alpine
meadows (orange line; n = 1,214), and alpine steppes (red line; n = 1,119), showing deviation from the mean model predictions for selected response variables
with year as the predictor variable. The blue, orange, and red shading represent one SE from the predicted line for estimated plot-level n over time across the
Tibetan Plateau. Plots that were less than 15y old were excluded from the GAMMs analysis.

the complex, interactive nature of the processes regulating 1, its
overall trajectories remain poorly understood (25, 26).

While process-based biogeochemistry models are valuable tools
for estimating vegetation biomass in permafrost ecosystems, they
currently lack the ability to adequately account for changes in n
that occur in response to climate change (27, 28). This limitation
can result in inaccurate predictions of ecosystem carbon cycling
and storage and nutrient and water acquisition (28). Improving
our understanding of how plant biomass distribution responds
to changing environmental conditions and incorporating this
knowledge into biogeochemical models will be crucial for accu-
rately projecting the impacts of climate change on permafrost eco-
systems (8, 29).

To improve our understanding of how 1 changes in response
to environmental changes in permafrost ecosystems, our study
focused on long-term changes (1995 to 2021) of n within 3,013
plots at eight stations on the Tibetan Plateau, encompassing three
core alpine vegetation types. Our analysis addressed two funda-
mental questions: 1) How did 1 change over recent decades in

https://doi.org/10.1073/pnas.2314036121

response to rapid climate warming in permafrost ecosystems? 2)
What are the dominant drivers of the variations in 1?

Results

Variation in Biomass Distribution Over Time. Our measurements
showed that the mean of the ratio between above- and belowground
biomass (n) in alpine wetlands was 0.33 + 0.03 and increased by
0.06 + 0.05 from 1995 to 2021. Conversely, in alpine meadows
and steppe, mean plot-level 1) was 0.31 + 0.2 and 0.28 + 0.08,
respectively, and decreased by —0.08 + 0.05 and —0.13 + 0.06 from
1995 to 2021 (Fig. 1 B and C). These changes in 1 represent a
relative increase of 17% for the alpine wetlands and decreases of
26% and 48% in alpine meadows and alpine steppes, respectively.
To assess the linearity of temporal variation in 1), we used effective
degrees of freedom (edf). The edf for alpine wetlands was 1.6,
indicating a nearly linear relationship between predictor variables
(year) and 1. However, in alpine meadows and steppes, the edf
values were 8.7 and 9.1, respectively, indicating more complex

pnas.org
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Fig. 2. Interactions between estimated mean plot-level n values and soil temperature (°C) and moisture (%) during the growing season for the alpine wetlands
(A), alpine meadows (B), and alpine steppes (C). Trends are based on GAMMs. We only included sites at which all three ecosystem types are present, i.e., the
analysis includes the sites KXL, BLH, HSX, TSH, and QML, while omitting OML, TM, and TSH to ensure a consistent comparison framework.

patterns over time (Fig. 1D and S/ Appendix, Figs. S1-S3).
Although plot-level n) generally increased over time in wetlands
and decreased in alpine meadows and steppe, the temporal
trends in 1 were species-specific within each vegetation type
(ST Appendix, Table S1). For example, at the alpine steppe site
HSX, n decreased significantly (2 < 0.01) in more than half of
the plant species (nine species recorded in each plot), while three
other species showed no significant changes (2> 0.05). We also
observed high variation in the temporal trajectory of n within
species. For instance, Carex moorcrofiii (hereafter referred to as
Carex) showed decreases at three sites (BLH, HSX, and QML;
P < 0.01), while no significant changes were found at two sites
(TM and XDT; P > 0.05), and significant increases occurred at
two sites (KXL and TSH; P < 0.01) (S7 Appendix, Table S1).

Driver of Spatial and Temporal Variation in 1. GAMMs revealed
a positive correlation between spatial variations in estimated plot-
level n and soil temperature in alpine wetlands. In contrast, in alpine
meadow and steppe vegetation, we observed lower 1) with higher
soil temperature (Fig. 2). However, there was substantial variability
between sites and species in alpine meadows and steppe, with some
sites or species exhibiting increases in both soil temperature and
(Fig. 2 and SI Appendix, Fig. S4). For instance, at alpine meadows
and steppe sites with high soil moisture (>25%), ) increased with
increasing soil temperature. Consistent with the GAMM results,
our causality analysis (convergent cross-mapping) showed that soil
temperature during the growing season was the major climatic
driver of n variation in all vegetation types (S Appendix, Fig. S5).
Specifically, alpine wetlands showed opposite responses of 1 to
higher soil temperature compared to alpine meadows and steppe
vegetation.

Between 1995 and 2021, estimated plot-level 1 increased in
alpine wetlands, where 56.9% of the samples of all six plant species
showed a positive trend in aboveground biomass (3.5 g decade™
species”') while almost no change in belowground biomass was
found for each time series (< 1.0 g decade speciesfl) (Fig. 34
and ST Appendix, Fig. S6). This increase in aboveground biomass
was best explained by a soil warming of 0.11 °C decade™" (stand-
ardized coefficient (Beta) = 0.51 and P < 0.01) (S/ Appendix,
Table S2). The changes could not be explained by soil moisture,
which was relatively stable over time (P > 0.05) (SI Appendix,
Fig. S7). The soil warming trend was best explained by increasing
air temperature during the growing season and a reduced fre-
quency of precipitation (adj. R* = 0.67 and P < 0.01) (SI Appendix,
Table S3). Among the six studied species, those with higher initial
aboveground biomass showed stronger increases in 1 (R*=0.23),

PNAS 2024 Vol.121 No.25 2314036121

but higher belowground biomass was not related to the estimated
plot-level n trend (R* = 0.09) (S Appendix, Fig. S8).

The estimated plot-level 1] in alpine meadow and steppe exhib-
ited multidecadal oscillations from 1995 to 2020 (Fig. 1D), with
above- and belowground biomass showing divergent temporal
trends (Fig. 3 D and C). Although more than half of the samples
in both vegetation types showed a positive trend in both above-
and belowground biomass, a substantial proportion (21.2%) of
samples showed almost no change in aboveground biomass (<1.0
g decade™) and a decreasing trend in belowground biomass
(>-35¢g decade™) in the alpine meadow. In the alpine stePpe,
22.4% of samples showed a negative trend (-2.7 g decade™) in
aboveground biomass but a positive trend in belowground bio-
mass (4.6 g decade™) (Fig. 3 and SI Appendix, Fig. S6). In alpine
meadow and alpine steppe, 8 and 12 studied plant species,
respectively, plant species with higher above- and belowground
biomass showed a stronger decreasing trend in 1 (R* = 0.17 to
0.24) (SI Appendix, Fig. S8). For instance, in the alpine steppe
at site HSX, the plant species Heteropappus bowerii, which has
a higher above- and belowground biomass than in all the other
species, exhibited a more pronounced decreasing trend in 1) com-
pared to the other eight plant species studied (S7 Appendix,
Fig. $9).

The temporal variation in aboveground and belowground biomass
in alpine meadow and alpine steppe were primarily correlated with
changes in soil temperature and moisture. In alpine meadow, the
increase in soil temperature at a rate of 0.3 °C decade™" (SI Appendix,
Fig. S7) was correlated with a decreasing trend in biomass (Beta =
—0.40, P< 0.01) (SI Appendix, Tables S2 and S4). Similarly, in alpine
steppe, the soil temperature increases of 0.5 °C decade™ (ST Appendix,
Fig. S7) led to a decrease in biomass (Beta = —0.49, P < 0.01)
(81 Appendix, Tables S2 and S4). The decreasing trend in soil moisture
0f 3% and 5% per decade in alpine meadow and alpine steppe, respec-
tively (S Appendix, Fig. S7), also had a significant impact on biomass
(Beta=0.18, P=0.052 in alpine meadow and Beta = 0.26, < 0.05
in alpine steppe) (S/ Appendix, Tables S2 and S4).

The observed soil temperature warming was primarily explained
by an increase in air temperature during the nongrowing season
and a decrease in wind speed during the growing season (adj.
R*=0.59, P<0.01 in alpine meadow and adj. R* = 0.53, P< 0.01 in
alpine steppe), rather than by air temperature during the growing
season (87 Appendix, Table S3). The decreasing soil moisture was
partly attributed to a lowering of the soil water table (R* = 0.23,
P < 0.05 in alpine meadow and R = 0.39, P < 0.01 in alpine
steppe, respectively), which strongly positively correlated with an
increase in the thickness of the active layer (R* = 0.47, P < 0.01

https://doi.org/10.1073/pnas.2314036121
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in alpine meadow and R?=0.59, P < 0.01 in alpine steppe)
(ST Appendix, Fig. S10). This increase in active layer thickness
(ALT) was well explained by an increase in air temperature,
comparatively low soil moisture during the nongrowing season
(18) and an exponential increase in snow cover during late
spring and early summer on the Tibetan Plateau over the past
five decades (18, 30).

Sensitivity of 1] to Climate Warming. Multiple regression analysis
showed that soil temperature best explained the observed temporal
variations in plot-level n within each vegetation type (P < 0.01;
SI Appendix, Table S5). The partial derivative of n with respect
to soil temperature increased from 0.008 in the first 13 y (1995
to 2007) to 0.030 decade™ °C™" in the most recent 13 y (2009
to 2021) in alpine wetlands (Fig. 44). Conversely, the derivative
decreased from -0.016 to -0.041 decade™ °C™' in the alpine

meadow and from -0.021 to -0.061 decade™ °C™" in the alpine
steppe.

The sensitivity of plot-level 1 to soil temperature was signifi-
cantly higher under dry soil conditions (8 > 0) compared to wet
soils (8 < 0) in both alpine meadow and alpine steppe (< 0.01),
but there was no difference in alpine wetland (P > 0.05) (Fig. 4B).
A Monte Carlo null experiment, assuming no change in moisture
conditions, shows that the observed relationship between the par-
tial derivative of 1) with respect to soil temperature and soil mois-
ture is very unlikely to have occurred purely by chance (2 < 0.001).
This suggests that the impact of soil temperature on the temporal
trend in 1 has become stronger under climate warming.

Importance of 11 on Model Fit and Temporal Predictions of SOC
in Dynamic Vegetation Models. The biogeochemistry models
(TEM 5.0, LPJ-GUESS 4.1, Coup Model 4.0, and ORCHIDEE-
MICT 8.4.1) that rely on process-based equations could not fully
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The black solid line is fitted by ordinary least squares linear regression and gray shading represents 95% Cl. The dashed lines represent the 1:1 relationship.

reproduce the observed response of 1) to climate change over the last
27y (Fig. 5 and SI Appendix, Fig. S11). They also did not capture
the increased sensitivity of 1 to soil temperature SI Appendix,
Fig. $12). All four models were only weakly correlated with the
plot-level (R*=0.12t00.18) (Fig. 5) and species-level observations
(R* = 0.04 t0 0.06) (ST Appendix, Fig. S11).

Discussion

Our study reveals significant shifts in biomass distribution between
aboveground and belowground components across the Tibetan
Plateau over the past three decades, highlighting the impact of
climate warming on biomass distribution in alpine permafrost-
affected ecosystems (18, 19). The observed changes in estimated
plot-level 1, with a 17% increase in alpine wetlands and notable
decreases in alpine meadows (26.1%) and alpine steppes (48.2%),
emphasize the variability and importance of these shifts across dif-
ferent vegetation types (Fig. 1C). The magnitude of these temporal
shifts in 1 is comparable to the variation observed across different
vegetation types. This emphasizes the profound impact of climate
change on biomass distribution, underscoring the importance of
considering these changes in ecological and climate models.
Previous studies have attributed temporal changes in 1) to shifts
in plant species composition (26) and vegetation types (31), as
well as direct environmental effects (32). Our results suggest that
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soil temperature has been a major driver for changes in 1 across
all vegetation types. In fact, the importance of soil temperature has
been increasing as much as one and a half times more in alpine
permafrost-affected ecosystems compared to Arctic tundra (1, 26,
33) and temperate grasslands (34—36). This highlights that alpine
ecosystems underlain by permafrost are among the most susceptible
regions with respect to their climate-sensitivity of biomass.

Soil temperature and water availability impact the temporal
variation in 1 (26, 37, 38). However, other factors such as SOC
status (39-41) and soil nutrient (33, 38) can also affect variation
in 1. Our findings indicate that, within the top 50 cm of soil,
there has been a significant increase in both SOC and total nitro-
gen stocks across the three vegetation types since 1995 (S Appendix,
Table S6). Despite this, our analysis reveals no direct relationship
between 1 and the stocks of SOC and total nitrogen (P > 0.05)
(SI Appendix, Table S5).

In contrast to soil nutrients, soil moisture seems to have
impacted the direction and strength of the relationship between
1 and soil temperature (26, 37). Over the last three decades, there
has been no significant change in total precipitation during sum-
mer, but heavy precipitation events have increased (< 0.01) (18).
The soil moisture content of alpine wetlands has remained con-
stant at ~26% (P> 0.05), whereas the mean soil moisture content
of alpine meadows and alpine steppes has significantly decreased
from 15.3% to 12.2% and from 12.7 to 7.5%, respectively (P < 0.01)
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(SI Appendix, Fig. S7). These results suggest an important role of
soil moisture in modulating the effect of soil temperature on 1 on
the Tibetan Plateau.

Previous studies have shown that changes in plant growth,
abundance, and community composition in response to climate
change had a significant impact on temporal trends in 1 (42, 43).
However, our analysis showed that changes in species composition
have not significantly contributed to the decreases in 1 in alpine
meadows and steppes. Since 1995, no significant species changes
occurred in alpine wetland, and only two and four species changes
were recorded in alpine meadow and alpine steppe ecosystems,
respectively (19, 44). When excluding these species, the mean
values of 1) remained within the 95% CI of the original analysis
including all species and showed a consistent long-term decline
in n. This suggests that the increases in 1) in alpine wetlands and
the decreases in 1 in alpine meadows and alpine steppes are
unlikely to have resulted from changes in species richness or com-
munity composition.

While the temporal variation in species richness does not appear
to be the driving factor behind the changes in 1) over time, differ-
ences in species abundance at various sites do partially account
for the multiple peaks observed for the three-dimensional inter-
actions between soil temperature, moisture, and 1 (Fig. 2 and
SI Appendix, Fig. S4). For instance, the abundance of Stipa pur-
purea in alpine meadows is notably higher at some sites (BLH,
KXL, QML, and TM), with over 73 individuals per square meter,
compared to less than 15 individuals per square meter at other
sites (HSX, TSH, and XDT) (44).

Extreme warming or extreme drought might also affect the
above- versus belowground plant biomass distribution, as high
temperature and drought limit photosynthesis (34, 45, 46) and
stimulate closure of leaf stomata (46, 47). Our results show that
the two largest anomalies in estimated plot-level n occurred under
warm and dry summer conditions in 1998 and 2014, with a mean
June to August air temperature >15 °C and total precipitation <82
mm (SI Appendix, Table S7). In these years, temperature and pre-
cipitation were more than 25% higher/lower compared to the
1995 to 2021 means and 1 decreased by a factor of 0.04 to 0.12
in the three vegetation types. This matches previous studies show-
ing that extreme warming and drought stimulates shifts toward
an increased proportion of belowground biomass relative to
aboveground biomass in tundra ecosystems (21, 48, 49). Although
1 substantially decreased in some plant species in the two extreme
years, this did not affect the robustness of the relationship between
(plot-level) n and soil temperature. While we found a slight
increase in the partial effect of soil temperature on 1) after exclud-
ing the anomalous years 1998 and 2014, the results remained
within the 90% CI of the original analysis (S/ Appendix, Fig. S13),
showing that the inferred increases or decreases in the effect of soil
temperature on 1) are not driven by outlier years.

The four process-based biogeochemical models failed to accu-
rately reflect the observed changes in 1 based on measurements
of the dominant species in each plot (estimated plot-level n; see
SI Appendix, Fig. S11) as well as actual plot-level measurements
(Fig. 5) in response to changes in climate. This discrepancy high-
lights significant limitations in the current models’ ability to pre-
dict temporal biomass changes under varying climatic conditions.
However, it is important to note that this mismatch between
model predictions and our observations may be partly attributed
to our methodology, which primarily focused on biomass obser-
vations from dominant species, rather than comprehensive data
from entire plots. Ecological studies often find that whole plots
are less reactive to environmental changes than individual species
(50, 51). In our research, we identified dominant plant species
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based on aboveground characteristics, such as species abundance
and coverage, but did not consider belowground traits. This
approach effectively captured the aboveground biomass traits at
both species and plot levels and the distribution of biomass
between above- and belowground at the species level. However,
its representation of belowground biomass at the plot-level war-
rants cautious interpretation. This limitation stems from the
potential for nondominant species, which may have a limited
aboveground presence at the ecosystem scale, to nonetheless con-
tribute substantially to the belowground biomass. Although we
aimed to encompass a diverse array of species, our data may not
fully capture total belowground biomass because our estimated
plot-level ) was calculated by summing the species-level measure-
ments of the dominant species. However, the direct plot-level
measures show the same trends (S7 Appendix, Figs. S14-S16).

Our method for collecting belowground biomass was confined
to a depth of 0 to 50 cm. This approach likely leads to an under-
estimation of the actual belowground biomass for individual
species, particularly for those with root systems extending beyond
50 cm (19, 44). Considering the tendency of deep-rooted plants
to grow deeper in search of nutrients, like nitrogen, increasingly
released from thawing permafrost due to climate warming over
the past three decades (44), our methodology may not entirely
capture the actual plot-level belowground biomass and the overall
1 variation. Despite these limitations, the discrepancies observed
between model predictions and actual changes in 1 provide
important insights. These findings highlight areas where models
can be refined and improved for greater accuracy in representing
ecological dynamics.

Conclusion

Our study provides important insights into the multidecadal var-
iation of the above- and belowground biomass ratio (1) in
permafrost-affected ecosystems of the Tibetan Plateau under cli-
mate warming. Our findings indicate that the temporal variation
of estimated plot-level n varies significantly with vegetation types,
with 1 increasing in alpine wetlands and decreasing in alpine
meadows and alpine steppes. Temporal variation of 1 was pre-
dominantly driven by soil temperature changes, and the sensitivity
of 1 to soil temperature has increased by a factor of 3.1 + 0.3 over
the past 27 y. This highlights the urgent need for effective measures
to mitigate the impacts of climate change on permafrost-affected
ecosystems.

Additionally, in alpine meadows and alpine steppes, we observed
that the sensitivity of 1 to temperature was more pronounced
under high soil moisture conditions, highlighting the critical role
of soil moisture in modulating the sensitivity of 1] to soil temper-
ature in these ecosystems. However, in alpine wetlands where
water availability is not limiting, no significant influence of soil
moisture on the soil temperature sensitivity of 1 was observed.
Last, our study emphasizes the limitations of current process-based
biogeochemistry models in capturing the responses of 1) to climate
change and the increased sensitivity of 1 to soil temperature.
Incorporating the responses of 1) to changing soil conditions in
these models holds potential to improve projections of SOC pools
and turnover under different climate-change scenarios.

Materials and Methods

In the following, we describe how we 1) compiled and quality-checked 1 values
(above- to belowground biomass ratio of plants) at the species level along with
meteorological data from 3,013 plots and 26,337 species-specific measure-
ments; 2) delineated n values; 3) analyzed the data; 4) integrated the species
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measurements to estimate plot-level n values, and 5) used the output of four
dynamic vegetation models to test the extent to which these models capture
observed changesin n at the species-level and plot-level as well as the sensitivity
of n to soil temperature.

Environmental Data Compilation. The location of the eight sites is shown
in Fig. 1A. Meteorological data (air temperature, air humidity, wind speed, net
radiation at two meters aboveground, precipitation from May to September,
soil temperature and moisture at 30 cm depth) for the sites of Xida Tan (XDT),
Liangdaohe (LDH), and Tianshui Hai (TSH) were downloaded from weather
station data from the National Cryosphere Desert Data Center, China (http://
www.ncdc.ac.cn/portal/); those for the sites of Huangshi Xia (HSX) and Quma
lai (QML) were downloaded from the Meteorological Data Service Center, China
(http://data.cma.cn/); and those for the sites of Beilu He (BLH), Tumen (TM),
and Kaixin Ling (KXL) were provided by the State Key Laboratory of Frozen Soil
Engineering, China (http://skifse.nieer.ac.cn/). We used a hierarchical data fill
method (52, 53) to fill data gaps. To generate a dataset with consistent time
resolution (yearly growing season) of meteorological data, soil temperature,
soil moisture, and the ratio between above- and belowground biomass (n), we
averaged daily air temperature, total precipitation, soil temperature, and soil
moisture in the growing season (from 1 May to 30 September) and nongrowing
season (from 1 October to 30 April) at each site. To approximate the effect of
permafrost variation on n under climate warming, we used the maximum
ALT in late autumn in each vegetation type and site, which was identified by
the maximum depth at which the 0 °C isotherm (soil temperature) occurs in
a specific year (54).

Plant Biomass Data Compilation. At each site, located within a 17-kim radius
of the weather station, we selected two or three dominant vegetation types-alpine
wetland, alpine meadow, and alpine steppe. We chose these types because they
represent the Tibetan Plateau’s permafrost region well, as their combined normal-
ized difference vegetation index (NDVI) accounts for 61.3% of the total NDVI sum
for the entire study area (42). These vegetation types are separated by distances
ranging from 3 to 12 kilometers, following a gradient of increasing aridity (55).

In the Tibetan Plateau region, the alpine wetland is considered particularly
vulnerable to climate impacts (56), occupying about 5.7% of the land area and
containing more than 33% of the area’s carbon stock (42). The average annual
soil temperature is approximately -4.6 °C, with soil moisture levels around 26%.
During the summer, water typically remains in the low-lying areas between plants
(56). Around 65% of the area is covered by vegetation, with species richness
being relatively uniform across the area. The landscape is primarily dominated
by species such as Kobresia, Delphinium, and Heteropappus. Additionally, areas
of exposed soil are generally covered with moss, contributing to the unique eco-
logical makeup and function of these wetlands in carbon storage and ecosystem
stability (19).

The alpine meadow, covering one-third of the Tibetan Plateau, exhibits soil
temperature and moisture levels intermediate between those of the alpine wet-
land and alpine steppe. Plant cover in meadows varies from 35% to 52% (42),
with Kobresia, Androsace, and Heteropappus as the dominant species.

The alpine steppe, which makes up about half of the Tibetan area, is identified
as one of the most critical vegetation types (56). It has an average colder annual
soil temperature of —7.8 °Cand soil moisture levels consistently below 13% (57).
Despite having sparse vegetation with less than 30% plant cover, it features high
species richness with low abundance of individual species (44), including Carex,
Kobresia, and Allium, among others.

For each vegetation type, we measured the soil temperature profile using
constantan-copper thermocouples at 10 cm intervals down to a depth of 500 cm.
The temperature profile was also used to monitor the maximum ALT. Centered
around the soil temperature borehole (soil temperature measurement profile),
we defined a 100 m transect along which we randomly placed five pairs of one
square mater plots. We selected one side of the transect for biomass collection of
individual species and soil property measurements (five plots) and the opposite
side for collecting plot-level biomass samples as a control (another five plots).
This sampling of five plot pairs minimizes the occasional presence of small ani-
mal dung or disturbances, which could randomly occur within the plot area. To
mitigate the impact of seasonal variations due to phenological changes such
as blooming and seeding, we conducted annual biomass measurements from
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1995102021 between the end of August and early September, when all species
were at full maturity.

Individual Species Biomass Collection. Initially, for each plot, we captured one
to three high-resolution photographs (300 x 300 dpi) from a vertical perspective
using a Nikon camera. These images were used to quantify the abundance of each
species, which were later analyzed at the Lanzhou City lab. We manually measured
the abundance of each species within the plot, applying a grid to the photographs
and conducting five independent assessments. The mean abundance of each
species was then calculated to represent its prevalence in the plot.

Species identities, plant coverage (using Tetracam’s LCD-equipped agricultural
digital camera), plant height, landscape type, soil surface drainage characteristics,
and erosion status were directly monitored and recorded in the field.

We identified key species at each site: 6 to 8 in alpine wetlands, 8to 10in alpine
meadows, and 8 to 12 in alpine steppes. These species represented the dominant
plants at the sites and collectively constitute over 57% of plant coverage and 59%
of the average aboveground biomass (S Appendix, Table S8). Within the plots, we
randomly selected and marked four mature plants of each key species (target plants)
with permanent markers. Subsequently, the aboveground and belowground parts
of target plants were harvested using a specialized soil sample drill (devised by
Professor Shunji Kanie's group at Hokkaido University). This soil drill was designed
to ensure that the aboveground and belowground sections of the sampled plant
were extracted as a single, intact unit, maintaining their natural connection without
any separation. The drill has been successfully tested in a previous experiment
showing that the majority of roots were concentrated within specific diameters and
depths: more than 92% within a 12 cm diameter in wetlands, and over 97% within
a 6 cm diameter in steppes and meadows, with more than 82% of roots across all
vegetation types located within the top 50 cm of soil (19). Accordingly, we employed
a 15 cm diameter drill forwetlands and a 10 cm diameter for steppes and meadows,
collecting soil cores down to a depth of 50 cm.

The harvested plant parts (above- and belowground biomass of the target
plant and other plants) and soil cores were horizontally packed in ventilated
canvas bags and transported to the laboratory. There, they were gently rinsed
in slowly flowing water to separate the soil from the plant biomass. The cleaned
samples were air-dried for half an hour.

We separated the target plant's biomass from that of other plants, guided by
markers previously placed on the aboveground portion of the target plantin the
field. This segregation process ensured that the biomass of the target plant was
completely separated from other plants. Above- and belowground components of
the target plant were then separated. Finally, both aboveground and belowground
biomass samples were dried in an oven at 75 = 2 °C for 72 h. After drying, the
biomass was weighed to calculate the average mass value for each plant species.

The Ratio between Above- and Belowground Biomass, n. The n of each
species (Nece;) Was calculated by dividing the species-specific aboveground
biomass by the belowground biomass:

Above ground biomassgec_species

. (1]

Mspecies = .
PEEE Below ground biomassyecsic_species

n at the plot-level (n,,) was calculated by the weighted mean value of ngee
for major species in the plot:
”species,] X wspecies,1 + rlspecies,Z X wspecies,Z + + ”species,n X wspecies,n

nplot = '
wspeciesﬂ + wspecies,z + + a]species,n
(2]

Population of specific — species;

(3]

, . s = .
sPecest Sum population of specific — species within each plot

Plot Level Biomass Collection (Control). To compare our biomass data from
plant samples with plot-level biomass estimated from measurements of all
species, we collected comprehensive above- and belowground biomass data
from an additional five plots at each corresponding site every 2 y. Aboveground
biomass was harvested by cutting all plant material above the ground at a height
of negative 2 cm. This material was then placed in paper bags and transported to
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the laboratory. Upon arrival at the laboratory, any soil particles adhering to the
plant samples were carefully removed. The plant material was then dried at 75
+ 2 °Cfor 72 h to determine the aboveground biomass.

For the belowground biomass, we initially used a manual excavation method,
digging a one square meter pit to a depth of 50 cm from 1995 to 2007. 1n 2008,
we shifted to a more efficient soil coring technique, utilizing a specialized soil-
sample drilling device with a 15 cm diameter. This device, designed by the State
Key Laboratory of Frozen Soil Engineering in China, allowed for four replicates to
be taken from each plot. The soil cores were sieved in the field through a 5 x 5mm
mesh and then placed in ventilated canvas bags. In the laboratory, these samples
were gently washed in slow-flowing water to separate the biomass from the soil.
Following this process, the biomass was dried at 75 = 2 °C for 72 h and then
weighed to calculate the belowground biomass. The corresponding plot-level n
(actual plot-level n) was determined by dividing the total plot-level aboveground
biomass by the total plot-level belowground biomass.

Furthermore, we compared plot-level n obtained from the direct measure-
ments (actual plot-level n) with estimated plot-level n measures based on the
species-level measurements across the three vegetation types on the Tibetan
Plateau. Linear regression between the two metrics yielded R? values from 0.43
t0 0.59 in alpine wetlands, 0.43 to 0.57 in alpine meadows, and 0.29 to 0.57 in
alpine steppes, respectively (S Appendix, Figs. S14-516).

Data Quality, Spatial Autocorrelation, and Temporal Trend. We conducted
a multistep hierarchical data quality test following Essington et al. (58) to objec-
tively identify outliers. Subsequently, we tested for spatial autocorrelation as
few locations were relatively close to each other. Finally, we assessed whether
different periods during the observation years influenced the overall trends in
species’ biomass, plot biomass, and climate variables. Following the methods of
O'Reilly etal. (59), we defined yearly anomalies of each parameter at each site as
the difference between the yearly mean value and the overall mean value. Please
see Sl Appendix, Supplementary Methods for details.

Characterizing Temporal Trends in n and Climate Variables. For each site,
we calculated the mean annual values of 1) at the species and plot levels within
each vegetation type. The mean values of climate variables listed in S/ Appendix,
Table S6 were calculated for the entire year, the growing season, and the nongrow-
ing season. Soil moisture was averaged across the growing season.

We excluded aforementioned datasets that spanned less than 15y (S/ Appendlix,
Table S9). We then tested for temporal trends in all variables using linear regression
and the Mann-Kendall test. To account for possible nonlinear temporal trends, we
also ran GAMMs (60); see below section for details on parameters. All predictors
and n values were z-scaled before analysis.

Identifying the Predictors for Temporal Trends in 1. Within each vegetation
type, we ran GAMMs to identify the possible climate drivers of temporal variation
in estimated plot-level n (package of gamm4 in R 4.1). GAMMs fit a nonlinear
or linear function between the predictor variables and the response variable n
(60, 61). We stepwise entered all the climate variables by linear or smoothing
functions againstn (dependent variable). In those GAMMs, we used the gamm4
function in mgcv package to fit smoothing terms by the default thin plate spline
technique. Gamm4 uses penalized regression splines of moderate rank for the
smoothing function (61). We limited this analysis to data since 1995 and included
all three vegetation types with species and plot level data in the specific period.
For all models, we used a normal error distribution.

To account for the dependent nature of the repeated measurements over
time within each vegetation type, we further allowed the slope and intercept
to vary randomly by site and plant species followed by Québec Centre for
Biodiversity Science R WORKSHOP SERIES (https://r.qcbs.caiworkshop08/
book-en/introduction-to-generalized-additive-mixed-models-gamms.html).
We selected the model with the lowest Akaike information criterion (AIC). The
results were assessed by the adjusted R? and Pvalue (P), with a significance level
< 0.05 and a confidence level of 95%.

Additionally, we ran convergent cross-mapping (CCM) to validate the rea-
sonability of the predictors identified in above GAMMs, as well as to identify the
possible time lag between those predictors and n temporal variation (package
of mgcvin R 4.1). In the CCM, the optimal value of the embedding dimension
(E) was 2, estimated by the function of the SSR pred boot (60).
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Contribution of Each Predictor in n Temporal Trends. Although the
GAMMs were effective in selecting predictors and quantifying their overall
contribution (deviance explained) to the observed temporal change in n,
they could not quantify the contributions of specific predictors. Therefore,
we additionally used multiple linear regression to quantify the contribution
of each predictor.

Quantifying the Sensitivity of n to Climate Change. To calculate the sensitiv-
ity of n to interannual climate variability, we used the slope of estimated plot-level
n with respect to soil temperature in the earliest time window (the first 13y,
1995 to 2007) and the most recent time window (the past 13y, 2009 to 2021)
using general linear regression and then compared the slopes between these two
time windows, which were derived from fully independent subsets of the data.

The slope of 1 with respect to soil temperature in general linear regression
may not truly reflect the change in n in response to interannual soil temperature
variation, due to the indirect effect of soil temperature with other climate variables,
such as soil moisture, precipitation, and solar radiation during the growing season
(18). To better isolate the individual role of soil temperature, we performed a
multilinear regression with all mentioned variables against n and compared the
partial regression slope of ) to soil temperature within the same time windows.

Characterizing the Robustness of the Relationship between n and Soil
Temperature under Different Soil Moisture Levels. To quantify the effect of
soil moisture (yearly scale) on the partial derivative of 1) in response to soil temper-
ature, we compared the partial derivative sensitivity of n to soil temperature under
four soil moisture conditions. First, the annual partial derivative  in relation to
soil temperature was calculated by a 10-y moving window from 1995 to 2021,
and then the partial derivative n to soil temperature dataset was grouped into
four distinct bins, defined by yearly soil moisture within each vegetation type,
then grouping the data into less than -1, between -1 and 0, between 0 and 1,
and greaterthan 1 SD () (Eq. 4). We calculate the partial derivative sensitivity of
1 to soil temperature within each bin of normalized soil moisture and assessed
the differences in the partial derivative sensitivity of n to soil temperature under
four different soil moisture conditions.

Msoil, — Msoil a0
c=—

= (4]
’ SthsoiI

Here, Msoil; is the soil moisture at 30 cm in year i, and Msoil .., and Std,,; are
the average and SD of the soil moisture from 2004 to 2021, respectively. An
alternative of splitting the soil moisture dataset into eight bins based on o (less
than —1.5, between —1.5 and —1, between —1 and —0.5, between —0.5 and
0, between 0 and 0.5, between 0.5 and 1, between 1and 1.5, and greater than
1.5) did not qualitatively change the result.

Ecosystem Model Projections of n and SOC. To assess how well various mod-
els capture the trends in 1, we employed four dynamic vegetation models: the
Terrestrial Ecosystem Model 5.0 (TEM)(62), LPJ-GUESS 4.1 (63), the CoupModel
4.0(28),and ORCHIDEE-MICT(8.4.1) (64). These models were used to simulate
annual variations in n and SOCacross four sites on the Tibetan Plateau (BLH, HSX,
QML, XDT), each with over 25 y of meteorological data.

For the simulations, we selected a spatial resolution of 0.5° by 0.5° and
pinpointed the grid cell center nearest to each study site. The extent of each
vegetation type within these cells was calculated by averaging high-resolution
vegetation type maps (10 m by 10 m) spanning from 2018 to 2021 (62). We
sourced climate variables and soil property data from the local permafrost obser-
vation stations and obtained vegetation type and plant trait data from the State
Key Laboratory of Frozen Soil Engineering, China, which can be accessed online
(http://skifse.nieer.ac.cn/). We handled any gaps in the climate data by employing
methods outlined by Ding et al. (52) and Du et al. (53).

A notable limitation was encountered with the LPJ-GUESS 4.1 model, which
only simulated SOC up to a depth of 150 cm, omitting the deeper layer between
151 and 300 cm. To align this model's output with the others, we interpolated
the missing layer's SOC values using the mean values derived from TEM 5.0,
CoupModel 4.0, and ORCHIDEE-MICT8.4.1. Additionally, we ensured consistency
in training across all models by using the same set of meteorological data from
the period 1990 to 2010.
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Since these four models have only one or two plant function types (PFTs) to
represent natural grassland, they do not differentiate between different plant
species in the alpine wetlands, alpine meadows, and alpine steppes. In order
to better represent the plants observed in these vegetation types, we calibrated
the plant growth rate, photosynthetic efficiency, and water use efficiency in the
grassland PFT based on observed plant traits (63), such as root length, leaf area
index, leaf albedo, and physiological parameters (64, 65), such as maximum
rubisco-limited potential photosynthetic capacity (V,,,,)-

We initialized soil properties such as pH value, SOC content, and soil bulk den-
sity, as well as permafrost characteristics such as ALT and ice content (excluded in
LPJ-GUESS 4.1), specific to each vegetation type. For the alpine wetlands, the TEM
5.0 and Coup Model 4.0 were parameterized using the plant functional type of
wet tundra, and we ran the models using local climate variables, soil properties,
and permafrost characteristics specific to each site. We optimized the parameters
with an iterative model simulation (62, 64) to minimize the differences between
the simulations and observations. Once the models were stable, they were used to
mimic the aboveground biomass, belowground biomass, and SOC for the specific
site from 2011 to 2021.

Data, Materials, and Software Availability. All sites of soil properties, plant
traits data, and R code used for the analysis used in this manuscript are publicly
available from ZENODO: https://zenodo.org/records/11218337 (66).
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