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Abstract

Soil microbes ultimately drive the mineralization of soil organic carbon and thus ecosystem functions. We compiled a dataset of the
seasonality of microbial biomass carbon (MBC) and developed a semi-mechanistic model to map monthly MBC across the globe. MBC
exhibits an equatorially symmetric seasonality between the Northern and Southern Hemispheres. In the Northern Hemisphere, MBC
peaks in autumn and is minimal in spring at low latitudes (<25◦N), peaks in the spring and is minimal in autumn at mid-latitudes
(25◦N to 50◦N), while peaks in autumn and is minimal in spring at high latitudes (>50◦N). This latitudinal shift of MBC seasonality is
attributed to an interaction of soil temperature, soil moisture, and substrate availability. The MBC seasonality is inconsistent with pat-
terns of heterotrophic respiration, indicating that MBC as a proxy for microbial activity is inappropriate at this resolution. This study
highlights the need to explicitly represent microbial physiology in microbial models. The interactive controls of environments and
substrate on microbial seasonality provide insights for better representing microbial mechanisms in simulating ecosystem functions
at the seasonal scale.
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Significance Statement:

Soil microbes drive soil organic matter mineralization under the control of environmental factors. With a global dataset and a semi-
mechanistic model, we developed a framework for the joint controls of temperature, moisture, and substrate on soil microbial
biomass, which was further used to map the monthly soil microbial biomass across the globe. A latitudinal shift of microbial
seasonality was found, which infers the divergent microbial mechanisms across the space, highlighting the need to explicitly
represent microbial seasonality in global carbon models.

Introduction
Soil microbes ultimately drive the mineralization of organic car-
bon (C) in soils (1, 2), despite the relatively small portion (1.3% in
top 1 m) in global soil organic C (SOC) (3). Higher soil microbial
biomass usually leads to a faster C mineralization (4, 5). There-
fore, soil microbial biomass is positively correlated with SOC min-
eralization, the dominant source of heterotrophic respiration (Rh)
in terrestrial ecosystems (6, 7, 8). This linear and positive associa-
tion has been a foundation for the assumption in many microbial
models that microbial biomass is a proxy for the microbial activity
of the SOC mineralization (9, 10).

This positive association between microbial biomass C (MBC)
and Rh has been widely observed at the site level (4, 8). It is primar-
ily attributed to the linear correlation between MBC and the pres-
ence of microbial enzymes for decomposing SOC (11, 12). How-
ever, this correlation does not always hold true. For instance, Wei
et al. (13) documented a positive correlation between MBC and

Rh in warm seasons but not in cold seasons. Other studies re-
ported that microbial biomass is not always the limiting factor
for Rh, highlighting the critical roles of substrate availability, tem-
perature, and moisture (14, 5). A global synthesis found the in-
consistent seasonal dynamics between MBC and Rh in multiple
ecosystems (i.e., arable, grassland, forest, and desert shrubland)
(15). This inconsistency infers our limited understanding of how
MBC varies across seasons and at what timescales it is (or is not)
linked to Rh.

Soil microbes and their microhabitat change over seasons,
while the seasonal patterns vary among studies. For example,
Díaz-Raviña et al. (16) observed higher MBC in spring and winter
than in summer and autumn in four temperate coniferous forest
sites and a temperate broadleaf forest site in the Northern Hemi-
sphere. Cochran et al. (17) reported the peak MBC during June and
July in forest soils of Arctic regions in the Northern Hemisphere.
However, Edwards and Jefferies (18) reported the highest MBC in

Competing Interest: The authors declare no competing interest.
†F.Z. and L.H. contributed equally to this work.
Received: June 13, 2022. Revised: August 26, 2022. Accepted: November 1, 2022
C© The Author(s) 2022. Published by Oxford University Press on behalf of the National Academy of Sciences. This is an Open Access
article distributed under the terms of the Creative Commons Attribution-NonCommercial-NoDerivs licence (https://creativecommons.
org/licenses/by-nc-nd/4.0/), which permits non-commercial reproduction and distribution of the work, in any medium, provided the
original work is not altered or transformed in any way, and that the work is properly cited. For commercial re-use, please contact
journals.permissions@oup.com

D
ow

nloaded from
 https://academ

ic.oup.com
/pnasnexus/article/1/5/pgac254/6798390 by U

niversiteit Antw
erpen - Bibliotheek user on 09 N

ovem
ber 2023

https://doi.org/10.1093/pnasnexus/pgac254
https://orcid.org/0000-0003-3326-9260
https://orcid.org/0000-0001-9525-4633
https://orcid.org/0000-0002-6553-6514
mailto:lhe2@sdsu.edu
mailto:xxu@sdsu.edu
http://www.oxfordjournals.org
https://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:journals.permissions@oup.com


2 | PNAS Nexus, 2022, Vol. 1, No. 5

Fig. 1. Latitudinal distribution of the normalized MBC seasonality.

winter and a sharp decrease during soil thaw (spring) in wet and
dry low-Arctic sedge meadows in the Northern Hemisphere. The
shifting microbial seasonality might be caused by interactions of
environmental factors and substrate availability; Moreover, stud-
ies reported that MBC was more strongly affected by soil temper-
ature, soil water availability (19), and carbon inputs (20) at a sea-
sonal scale. Therefore, a holistic understanding of the MBC sea-
sonality and its controls remains to be investigated.

To address this gap, we compiled a global dataset of MBC sea-
sonality, including 686 data points from 110 full-year seasonal
measurements and 1204 data points from 145 nonfull-year sea-
sonal measurements (see the “Materials and methods” section).
Meanwhile, we included 2389 data points of Rh from 125 full-
year seasonal measurements (see the “Materials and methods”
section). Specifically, we investigated the seasonal pattern of soil
MBC and its controls and examined the consistency between MBC
and Rh on a monthly scale. To eliminate biases of cross-site varia-
tions in MBC, we normalized the MBC at each site and focused on
the seasonal variation of MBC and its controls on a global scale.
Four algorithms for data normalization were evaluated, and the
logarithmic transformation was adopted due to its superiority in
transforming data to ensure the normality of the data (Fig. S1,
Supplementary Material).

Results
Seasonality in soil MBC and environmental
factors
The monthly MBC was reproduced with a revised semi-
mechanistic model (10). Fundamental microbial physiological

processes such as C assimilation, decomposition, microbial
growth and death, and microbial maintenance respiration were
included in the semi-mechanistic model (Fig. S2, Supplementary
Material). The comparisons between simulated and observed MBC
yielded reasonable consistency by latitudinal zones (0◦N to 25◦N,
25◦N to 50◦N, and 50◦N to 90◦N) (Figs. S3 and S4, Supplementary
Material), months (Fig. S5, Supplementary Material) and at the
biome level (Fig. S6, Supplementary Material). The model was able
to explain 77% of the variations in observational data across the
sites (Fig. S7, Supplementary Material).

The modeled soil MBC exhibited a clear seasonality, but the sea-
sonal pattern and amplitude varied with latitudes (Fig. 1, Figs. S9,
S10, and S12A, Supplementary Material). The standardized mod-
eled MBC further confirmed those trends—a strong seasonality in
mid-latitudes (25◦∼50◦) but a relatively weak seasonal variation
in low latitudes (0∼25◦) and high latitudes (>50◦) of the Northern
and Southern Hemispheres. Specifically, in the Northern Hemi-
sphere, MBC peaked in September and bottomed during March
in low latitudes [standard deviation (SD) of the monthly stan-
dardized MBC ranged from 0.008 to 0.044], peaked in April and
bottomed in September in mid-latitudes (SD: 0.009 to 0.056), and
peaked in May and bottomed in October in high latitudes (SD:
0.005 to 0.045). The coefficient of variation (CV) of the MBC dis-
played the same pattern; the 95% CI of the CV was 0.8%∼28.2%
in high latitudes, 6.6%∼40% in mid-latitudes, and 1.7%∼27.6% in
low latitudes across the globe (Fig. S11, Supplementary Material).
Overall, MBC exhibited an equatorially symmetric seasonality in
the Northern and Southern Hemispheres (Fig. 1). The seasonal
variations in soil temperature (ST), soil moisture (SM), and car-
bon inputs (i.e., gross primary production) are observed. The sea-
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Fig. 2. Global distribution of MBC anomalies in each month (MBC anomaly was calculated with the equation MBCi—MBC; MBCi represents MBC for the
ith month, MBC is the arithmetic means of monthly MBC in 1 year)

sonality of ST kept relatively consistent across the latitude in the
Northern Hemisphere, peak in August, and bottom in January; the
seasonality of SM showed a slight shift along latitude, with a spe-
cial nadir in winter in the 15◦∼20◦ latitudinal zone, corresponding
to the large desert regions in northern Africa. The carbon input ex-
pressed as gross primary production has a clear seasonality, and
it declines from low to high latitudes (Fig. S8, Supplementary Ma-
terial).

Monthly soil MBC at the global scale
The MBC showed substantial variations across space and seasons
(Figs. S9 and S10, Supplementary Material). Globally, the MBC de-
clines from high to low latitudes (Figs. S9 and S10, Supplemen-
tary Material). The SD of absolute MBC remained large, ranging
from 90.7 to 97.1 gC m−2 among months and 90.9 to 94.3 gC m−2

among the four seasons. To further visualize the MBC seasonal-
ity, we mapped the MBC anomaly (monthly MBC - annual mean
MBC) for all 12 months (Fig. 2). The monthly MBC anomaly shows
a clear shift from month to month, transitioning from positive
anomalies in winter and spring months to negative anomalies in
summer and fall months in the Northern Hemisphere. That sea-
sonal trend is oppositive over the equator: the monthly MBC tran-
sitioned from negative anomalies in winter and spring months to
positive anomalies in summer and fall months in the Southern
Hemisphere (Fig. 2).

MBC seasonality at the biome level
Seasonal changes in MBC storage are distinct among biomes
in both Northern and Southern Hemispheres (Fig. 3; Tables S3
and S4, Supplementary Material). The highest MBC storage was
found in the boreal forest, pasture, tundra, cropland, desert, tropi-
cal/subtropical forest, mixed forest, grassland, shrubland, temper-
ate coniferous forest, and natural wetlands during March to May
and December to February in the Northern Hemisphere. How-
ever, we found high MBC storage during June to August across
biomes except for temperate broadleaf forest, tropical/subtropical
forest, mixed forest, tundra, and desert in the Southern Hemi-
sphere. Notably, the MBC storage was higher in the temperate

broadleaf forest than in tropical/subtropical forests (4.09–4.52 Pg
C vs. 0.83–0.90 Pg C) during March to May, December to Febru-
ary, June to August, and September to November in the Northern
Hemisphere. The pasture had higher MBC storage than grasslands
(1.33–1.82 Pg C vs. 0.79–0.97 Pg C) during March to May, December
to February, June to August, and September to November in the
Northern Hemisphere. However, the MBC storage was the highest
in tropical/subtropical forests in the Southern Hemisphere and
was higher than in temperate broadleaf forests (0.93–1.03 Pg C vs.
0.026–0.030 Pg C) during March to May, December to February, June
to August, and September to November. Meanwhile, we did not
find differences in MBC storage between pasture and grassland;
but they have higher MBC storage than wetlands, tundra, mixed
forest, and desert in the Southern Hemisphere (Fig. 3; Table S4,
Supplementary Material).

Seasonal discrepancies between MBC and Rh
We found a substantial discrepancy in seasonality between mod-
eled MBC and Rh from multiple sources (Fig. S12, Supplementary
Material). The Rh data are derived from CIMP6 (Coupled Model In-
tercomparison Project Phase 6), data compiled in this study, and
Konings datasets (21). Seasonal patterns of MBC and Rh were con-
trasting for latitudes of 0◦N to 25◦N (r < 0), substantial inconsis-
tency was observed between MBC and Rh at 0◦N to 90◦N and 25◦S
to 90◦S; whereas the inconsistency was relatively weak during Jan-
uary to April at latitudes of 0◦S to 50◦S.

A conceptual diagram of MBC seasonality and its
controls
We further developed a conceptual diagram to illustrate the MBC
seasonality considering the interactive role of ST, SM, and sub-
strates [C in litter and soil organic matter (SOM)] on microbial life
(Fig. 4). The controls on MBC variation are implemented in four
stages, corresponding to four phases of MBC seasonality (i.e., val-
ley, phase 1; increasing, phase 2; peak, phase 3; and declining,
phase 4). To better interpret variations in MBC, regions with the
most distinguished four-phase pattern in low (10◦ to 20◦), middle
(40◦ to 50◦), and high (70◦ to 80◦) latitudes in the Northern Hemi-
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Fig. 3. Biome-level soil MBC storage (Pg C) in the Northern and Southern Hemispheres; including (A) monthly soil MBC storage in the Northern and
Southern Hemispheres; (B) changes of soil MBC storage among months at the biome level; (C) biome-level soil MBC storage in the Northern and
Southern Hemispheres; BF: Boreal Forest; TCF: Temperate Coniferous Forest; TBF: Temperate broadleaf forest; T/SF = Tropical/Subtropical Forest; MF:
Mixed Forest; Grass: Grassland; Shrub: Shrubland; Wet: Natural wetlands; and Crop: Cropland.

sphere were included for analysis (see the “Materials and meth-
ods” section). In each latitudinal zone, 12 months were classified
into four phases based on their stage of microbial seasonality (e.g.,
valley, increasing, peak, and declining). Finally, randomly selected
100 data pairs of substrates, ST, and SM in each phase of three lat-
itudinal zones, 1200 data pairs in total, were included for general-
ized linear analysis to attribute variations in MBC. In phase 1, the
interaction between substrate and SM dominated MBC, explain-
ing 41.2% of its variation; in phase 2, the interaction between sub-
strate and ST (38.7%) controlled MBC; in phase 3, the interaction
between substrate and ST (27.2%) was the main factor affecting
MBC, and in phase 4, ST (47.5%) was dominant.

Discussion
The shifting MBC seasonality along latitude is primarily caused by
three mechanisms. First, microbial biomass accumulation is co-

regulated by soil climate condition, pH, nutrient availability, and
labile substrate degradation (22, 23, 24). For example, Lipson et
al. (25) observed the lowest MBC in summer and attributed the
MBC drop to warming-led degradation of labile C, leading to sub-
strate limitation and thus a tiny MBC pool size. It can be verified in
this study by the strong controls by ST, SM, and substrate (Fig. 4);
specifically, when the ST and SM are not limiting factors, weak
MBC seasonality forms and the large substrate availability domi-
nates the peak of MBC in Fall season in the low latitudes (Figs. 1
and 4). Second, predators may also play an essential role in mi-
crobial biomass variations. For example, soil protozoa can depend
on MBC, strongly shaping the soil MBC dynamics (11). Predators
(e.g., nematodes and protozoa) have substantial impacts on the
soil microbial community by regulating the size and composition
of the microbial community and accelerating the turnover of the
microbial biomass (26). The warmer temperature might promote
nematode and protozoa that prey on microbes and lead to MBC
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Fig. 4. Diagram illustrating the MBC seasonality regulated by substrate availability, ST, SM, and their interactions. Four phases correspond to changing
stages of MBC at the seasonal scale: phase 1 represents the stage with the lowest MBC, phase 2 is the transitioning stage from the lowest to the highest
MBC, phase 3 is the stage with the highest MBC, and phase 4 represents the MBC depletion stage. Green, red, and blue circles represent ST, SM, and
substrate, respectively, and the overlap area represents the interactions between and among variables. The size of the circles for factorial interactions
represents the strength of the contribution of factors by individual or combination. Small purple pods represent the relative abundance of microbes.

reductions (27). Lastly, the seasonal variation of MBC can result
from the competition between soil microbes and plants for nutri-
ents. Plant-microbe competition for nutrients has been reported
in a range of ecosystems, such competition impacts on microbial
nutrient immobilization are largely influenced by traits of plant
species such as root density, rooting depth, and timing of the grow-
ing season (28, 29). The difference in plant traits across space can
therefore induce the shifts of MBC seasonality along latitude.

In addition to the natural variation in environmental factors,
some biotic factors such as the high diversity of plant biomes (e.g.,
deciduous and evergreen forests, shrubs, grass, and mixed forests)
and microbial species (30) can contribute to the large seasonal
variation in MBC in mid-latitudes. Plants are different in impact-
ing soil microbes. For example, Wang et al. (31) found that both
experimental results and synthesized dataset suggest higher root
exudation rates and larger impacts on soil microbial change of
deciduous tree species than of evergreen tree species. In addi-
tion, soil microbial species varied in response to environmental
changes. Bacterial communities tend to show a greater response
to changes in environmental conditions and plant communities
than fungal communities (32). The variations in soil environments
and high abundances of plant and microbial species may cause
the large seasonal variation of soil microbes.

Biome-level differences in MBC storage were jointly determined
by substrate, ST, and SM. For example, the temperature was crit-
ical in determining the temporal variability of MBC in temperate
ecosystems. In contrast, peak microbial biomass was usually at-
tributed to favorable soil moisture in tropical forests (15). The dif-
ference in C availability can be responsible for the distinct sea-
sonal patterns of MBC among biomes (20). The C input from root
growth is positively correlated with the microbial biomass (33).
Thus the seasonality of root growth may drive distinct seasonal
patterns of MBC among biomes (34).

Five mechanisms may explain the inconsistency between the
seasonality in MBC and RH. First, soil microbial community com-
position shifts among seasons—for example, fungi showed signif-
icantly higher dominance over bacteria in winter than in sum-
mer in a dry alpine meadow (35). Second, the difference in sub-
strates and microbial properties can partly explain the inconsis-
tent seasonal pattern between MBC and Rh by latitude. The dis-
tinct microbial turnover rates (36), soil organic carbon chemical
composition (37), and substrate use efficiency (38), and their dif-
ferences in seasonal variations can partly explain the discrepancy
between MBC and Rh along latitude. Third, vegetation labile C in-
put plays an important role in determining the inconsistent sea-
sonal patterns between MBC and Rh. Labile C is a critical source
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of microbial biomass accumulation, which tends to have higher
microbial carbon use efficiency (CUE). The seasonal variations of
vegetation labile C input may be tightly associated with the MBC
seasonality (39, 40). The CUE, co-regulated by enzymatic activity
and microbial community properties, is the tradeoff between mi-
crobial biomass and respiration. Increasing microbial CUE corre-
sponds to reductions in the microbial respiration (41). The CUE
showed a broad range (0.1 to 0.6) (42), which inevitably results in
MBC and microbial respiration asynchrony (41). Fourth, the time
lag between microbial respiration activities and biomass assimi-
lation can explain the inconsistent seasonality between MBC and
Rh. In addition to biomass synthesis, microbes spend energy on
synthesizing components for microbial growth such as enzyme
production. The microbes may exhibit enhanced microbial respi-
ration activity for synthesizing components essential for micro-
bial growth rather than biomass, leading to the time lag between
Rh and MBC (43). Finally, different responses of microbial biomass
maintenance and respiration to environmental change may ac-
count for the inconsistent seasonality between MBC and Rh. For
example, microbial turnover and respiration are temperature-
sensitive; both are enhanced by rising temperature (36, 44, 45). Al-
though soil microbes are major drivers of Rh, the tradeoff between
soil microbial biomass maintenance and respiration can partially
explain the seasonal inconsistency between MBC and Rh.

The inconsistency between MBC and Rh at a seasonal scale in-
dicates that microbial physiology may play a predominant role in
affecting the SOC mineralization (46, 47). The inconsistency be-
tween MBC and Rh also challenges the traditional view that de-
clining microbial biomass leads to a possible decline in Rh (48, 49).
A complete model representation of microbial biomass, commu-
nity structure, and microbial activities is thus needed for better
projecting microbial roles in global C cycling.

There are a few limitations of the current study that will be
addressed in future work. First, various methods have been used
to quantify MBC and Rh, which may bias MBC and Rh measure-
ments. Multiple techniques including fumigation extraction (FE),
substrate-induced respiration (SIR), phospholipid fatty-acid anal-
ysis (PLFA), and fluorescein diacetate-active (FDA), were used in
MBC measurements, while root trenching, root removal, and gap
analysis were utilized for Rh estimation. Differences in assess-
ment techniques can cause biases in the cross-site comparison
(50, 51, 3). Second, inconsistencies in sampling timing and fre-
quency among sites might be another source of MBC fluctuation.
The data proportion for each month is not uniform throughout
the year; for example, the data point was as high as 13.4% for
April and as low as 5.2% for June. The disproportional sources of
data and their spatial representation might cause bias in MBC ex-
trapolation to a global scale; specifically, approximately 70% of
data points were obtained from Asia, 12.3% of data were from
America, and 16.1% of data were taken in Europe. Furthermore,
all data points were obtained in the Northern Hemisphere, and
no data were available from the Southern Hemisphere. We thus
call for field campaigns on monthly microbial properties in under-
represented areas (52). Last but not the least, despite the mech-
anistic representation of ST, SM, and substrate (mainly litter and
SOM) in the model, other factors, including predators, pH, and root
exudates, may be necessary for the MBC estimation [e.g., Kooch
and Noghre (27)], which deserves further mechanistic analysis.

This study represents the first attempt to investigate the sea-
sonality of MBC and produces global maps of monthly MBC. These
data are valuable for better understanding the land-climate feed-
back, as seasonal fluctuations of MBC associated with microbial
decomposition play an essential role in terrestrial C and nutri-

ent cycles (15). The mineralization of SOM by soil microbes pro-
vides nutrients for plant growth, and the release of nutrients dur-
ing decomposition is highly dependent on the stoichiometric ratio
of substrate and microbial biomass. Soil microbes can essentially
maintain element homeostasis; dynamics in MBC can, therefore
strongly affect nutrient availability for plants (53).

Materials and methods
This study was carried out in four steps. First, we compiled a com-
prehensive dataset of MBC and Rh by searching peer-reviewed
publications and from other published datasets. Second, we ana-
lyzed the seasonal patterns of MBC in multiple latitudinal zones,
and a semi-mechanistic model was applied to reproduce the
seasonality of microbial biomass. Third, combining the relative
change in monthly MBC from the semi-mechanistic model and
the global map of MBC, we produced a monthly global map of
MBC. Fourth, a generalized linear model was applied to quantify
the contributions of the substrate and environmental factors (e.g.,
ST and SM) to the seasonal variations of MBC.

Data compilation
We used Google Scholar (http://scholar.google.com/) for a com-
prehensive search of peer-reviewed papers published by Decem-
ber 2020. We searched using the keyword combination of (a) “sea-
sonal change” or “seasonal variation” or “seasonal dynamics” or
“monthly variation” or “seasonality” and (b) “microbial biomass,”
or “fungi biomass,” or “bacterial biomass,” or “microbial activity,”
or “enzyme,” and (c) “soil” or “land.”

We screened papers with seasonal variations of MBC based on
five criteria. First, we only included studies measuring MBC in all
seasons (i.e., spring, summer, autumn, and winter) and taking at
least one measurement in each season into the dataset. In this
study, we defined December to February as winter, March to May
as spring, June to August as summer, and September to Novem-
ber as autumn in the Northern Hemisphere, while we defined De-
cember to February as summer, March to May as autumn, June
to August as winter, and September to November as spring in the
Southern Hemisphere. Second, if studies included part of a sea-
son in one year but the other seasons in the next year, we used
the corresponding months in the next year to supplement the
data. For example, if a study measured MBC in months 9 to 12 in
2000 and months 1 to 7 in 2001, then we assumed that these mea-
surements represented the soil MBC for an entire year. Third, if a
study reported spring, summer, autumn, and winter in one year
but without any clear information of the sampling month, we as-
sumed that the sampling was done in the middle of each season,
i.e., April, July, October, and January, respectively, in the Northern
Hemisphere. Fourth, details on soil microbial biomass measure-
ment methods had to be provided in each publication. Finally,
soils for microbial biomass measurements were taken from natu-
ral conditions or control plots of 0 to 20 cm soil depth in the field.

Eventually, we included 110 full-year seasonal variation mea-
surements with 686 full-year data points from 53 articles, 145
nonfull-year seasonal variation measurements with 542 nonfull-
year data points from 64 articles, and 662 nonfull-year data points
from NEON into our dataset for the model validation (Dataset and
Table S1, Supplementary Material). Available associated informa-
tion, such as the sampling site, sampling depth, sampling date,
latitude, longitude, mean annual precipitation, and mean annual
temperature, was also recorded into the dataset. For data points
without geographical coordinates reported in the literature, we
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searched their geographical coordinates based on the names of
site, state, and country.

Five different methods—FE, SIR, PLFA, and FDA—were used to
measure soil MBC, with FE measurements accounted for 72.6%,
SIR measurements accounted for 13.5%, PLFA measurements
accounted for 9.8%, and FDA measurements accounted for 4.0%
of the datapoints in the dataset. All measurements of soil MBC
were converted to the unit of mg kg−1. To normalize the data,
we performed log- (a), max- (b), mean- (c), and square root- (d)
transformations for MBC (frequency distributions are shown in
the Supplementary Material). We chose the log10 transformed
value of MBC for subsequent data analysis due to its better
normal distribution.

To locate papers reporting Rh, we used the keyword combi-
nations such as “microbial respiration” or “heterotrophic respi-
ration” and “season∗” or “month∗” and “soil” or “land” or “terres-
trial” on Google Scholar (http://scholar.google.com/) by Septem-
ber 2020. Similar to the procedure for MBC analysis, we only in-
cluded full-year studies. Specifically, studies sampled at all sea-
sons and included at least one measurement in each season, i.e.,
spring (March to May for the Northern Hemisphere and Septem-
ber to November for the Southern Hemisphere), summer (June to
August for the Northern Hemisphere and December to February
for the Southern Hemisphere), autumn (September to November
for the Northern Hemisphere and March to May for the Southern
Hemisphere), and winter (December to February for the Northern
Hemisphere and June to August for the Southern Hemisphere).
Raw values and units of Rh and available associated informa-
tion such as the sampling date, and the latitude and longitude
of the sampling site were recorded in the dataset. In total, we in-
cluded 125 full-year seasonal variation measurements of Rh, with
2389 full-year data points from 56 articles (see Dataset and Tables
S1, Supplementary Material). Since Rh was measured by differ-
ent methods (e.g., root trenching, root removal, and gap analysis)
from publications, the analysis using raw data may introduce un-
certainties in the results. To reduce bias introduced by measure-
ments in different studies, we conducted log-transformation fol-
lowing Rhnormalized = log10(Rhi/Rhmean) in which Rhi indicates the
Rh from each measurement, and Rhmean is the annual average of
Rh.

Data source of Rh in the CMIP6
We used soil temperature, moisture, litter, and SOM as model
input data. Soil moisture and soil temperature at daily steps
and litter and three SOM variables (i.e., SOM1, SOM2, and SOM3)
at monthly steps during 1900 to 2014 were obtained from the
model output by Community Earth System Model (CESM2.0) for
Coupled Model Intercomparison Project (CMIP6), available at ht
tps://esgf-node.llnl.gov/search/cmip6/. Fifteen models from Cou-
pled Model Intercomparison Project Phase 6 (CMIP6) were chosen
for HR analysis. They are ACCESS-ESM1-5, BCC-CSM2-MR, BCC-
ESM1, CanESM5, CESM2, CESM2-WACCM, CMCC-CM2-SR5, E3SM-
1–1, E3SM-1–1-ECA, GFDL-ESM4, MPI-ESM-1–2-HAM, MPI-ESM1-2-
LR, NorCPM1, NorESM2-LM, and TaiESM1 (Tables S1, Supplemen-
tary Material).

Monthly litter, SOM1, SOM2, and SOM3 were linearly interpo-
lated to daily values using the “na.approx” function in R version
4.0.3 (54).

Land cover map for biome-level analysis
The global vegetation distribution dataset was obtained from a
spatial map of 11 major biomes: boreal forest, temperate forest,
tropical/subtropical forest, mixed forest, grassland, shrubland,

tundra, desert, natural wetlands, cropland, and pasture, which
have been used in our previous publications (55, 45, 3). The global
land area database was from the surface data map of 0.5◦ ×
0.5◦ generated for E3SM (https://web.lcrc.anl.gov/public/e3sm/inp
utdata/lnd/clm2/surfdata_map/).

Development of a semi-mechanistic model
We improved a semi-empirical modeling framework (10) that in-
cludes the fundamental processes in MBC accumulation to de-
velop MBC seasonality (Fig. S2, Supplementary Material). The key
processes include decomposition, carbon (C) assimilation, micro-
bial growth and death, and microbial maintenance respiration
(MMR). The decomposition of the substrate (Dc) is simulated as
a function of substrate quality and microbial biomass stoichiom-
etry, which is based on the carbon:nitrogen (C:N) ratio of substrate
and microbial biomass (56, 57). The substrate in the model in-
cluded a litter pool and three SOM pools (SOM1, SOM2, and SOM3).
The classification of SOM pools was based on their turnover time,
with a turnover time of 50 days, 5 years, and 222 years for SOM1,
SOM2, and SOM3, respectively. Microbial C assimilation is con-
trolled by CUE, which is described as a function of reference CUE
(CUEref), temperature (TCUE), reference temperature (TCUEref) (63)
), microbial biomass stoichiometry (CNB), and substrate quality
(CNlitter and CNSOM) (64)). The MMR was controlled by MBC, soil tem-
perature, and soil moisture.

DC = DlitterC + DSOMC, (1)

dMBC
dt

= DlitterC × CUElitter + DSOMC × CUESOM − MMR − Rlysis, (2)

DlitterC = Clitter × klitter × fs (T ) × fs (M) × MBC
MBC + kes

, (3)

DSOMC = (CSOM1 × kSOM1 + CSOM2 × kSOM2 + CSOM3 × kSOM3)

× fs (T ) × fs (M) × MBC
MBC + kes

, (4)

klitter = 1
τlitter

, (5)

kSOM1 = 1
τSOM1

, (6)

kSOM2 = 1
365 × τSOM2

, (7)

kSOM3 = 1
365 × τSOM3

, (8)

MMR = MBC × km × fm (T ) × fm (M) , (9)

Rlysis = MBC × klysis × fm (T ) × fm (M) , (10)

CUElitter = (
CUEre f − (

CUET × (
T − TCUEre f

))) ×
(

CNB

CNlitter

)0.6

,(11)

CUESOM = (
CUEre f − (

CUET × (
T − TCUEre f

))) ×
(

CNB

CNSOM

)0.6

,(12)

fs (T ) = Q10s

T−Tsre f
10 , (13)

fm (T ) = Q10m

T−Tmre f
10 , (14)

fs (M) =
log

(
Msmin

M

)
log

(
Msmin
Msmax

) , (15)

fm (M) =
log

(
Mmmin

M

)
log

(
Mmmin
Mmmax

) , (16)
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where Dc is the rate of substrate breakdown; DlitterC is the rate of
litter breakdown; DSOMC is the rate of SOM breakdown; Clitter is the
concentration of litter pool C; CSOM1 is the concentration of SOM
pool 1 C; CSOM2 is the concentration of SOM pool 2 C; CSOM3 is the
concentration of SOM pool 3 C; klitter is the potential rate of lit-
ter breakdown; kSOM1 is the potential rate of SOM pool 1 break-
down; kSOM2 is the potential rate of SOM pool 2 breakdown; kSOM3

is the potential rate of SOM pool 3 breakdown; τ litter, τSOM1, τSOM2,
and τSOM3 are turnover time of litter (20 days), SOM pool 1 (50
days), SOM pool 2 (5 years), and SOM pool 3 (222 years). fs(T) is
the temperature effects on substrate breakdown, and fs(M) is the
moisture effects on substrate breakdown; fm(T) is the tempera-
ture effects on microbial turnover, and fm(M) is the moisture ef-
fects on microbial turnover; MBC is the soil microbial biomass C;
Rlysis is C loss through the microbial lysis, and klysis is the potential
rate of microbial lysis; kes is the half saturation constant for mi-
crobial effects on substrate breakdown; km is the potential C loss
rate of microbial biomass through MMR; CUEref is the CUE at refer-
ence temperature; CUElitter is the CUE of litter; CUESOM is the CUE
of SOM; TCUEref means the reference temperature for CUE (15◦C);
Tsref means the reference temperature for substrate decomposi-
tion (10◦C); Tmref means the reference temperature for microbial
biomass decomposition (12◦C); Msmin is the minimum moisture for
substrate breakdown; Msmax is the maximum moisture for sub-
strate breakdown, moisture effect will be 1 if moisture is larger
than Msmax; CNlitter is the C:N ratio of litter; CNSOM is the C:N ratio
of SOM; CNB is the C:N ratio of microbial biomass. The model has
a daily time step.

Model application
The semi-mechanistic model developed for theoretical analysis of
MBC seasonal dynamics was further applied to simulate the MBC
variation at seasonal scale. Subsequent data analyses are based
on steady-state simulations. All simulations run in total 41,975
days with top 30 cm soil temperature and soil moisture, litter, and
whole-soil SOM1, SOM2, and SOM3 of 115 years (1900 to 2014) as
input data. Most simulations reach steady state in approximately
1095 days (Fig. S3, Supplementary Material). Long-term simula-
tions were used to ensure steady state and consistency among
simulations for latitudinal zones and sites. The model was first
initialized with the parameters in Supplementary Table S2 and
input data of daily soil temperature, soil moisture, SOM1, SOM2,
and SOM3 during 1900 to 2014. Daily MBC simulated by the theo-
retical model was computed as the monthly arithmetic mean of
MBC during 2005 to 2014. Then, the monthly MBC was normal-
ized following the equation of Normalized MBC = log10 ( MBCi

MBCmean
), in

which MBCi indicates the MBC in each month, and MBCmean is the
annual average of MBC. Next, we compared the monthly normal-
ized simulated MBC with the observed MBC. The optimal values
for CUEref and Qm10 of three latitudinal zones (0◦N to 25◦N, 25◦N
to 50◦N, and 50◦N to 90◦N) were selected based on the model effi-
cacy estimates, i.e., small MAE and RMSE and high R2 values (Fig.
S4, Supplementary Material).

Due to the temperature dependence of CUE and Q10 values,
we tested the relationships between long-term soil temperature
of three latitudinal zones (0◦N to 25◦N, 25◦N to 50◦N, and 50◦N
to 90◦N) and CUEref and Qm10 values. We found high consistency
between long-term soil temperature of three latitudinal zones
(0◦N to 25◦N, 25◦N to 50◦N, and 50◦N to 90◦N) and their optimal
CUEref (R2 = 0.996) and Qm10 (R2 = 0.957) values. Therefore, evi-
dent temperature dependence of CUEref and Qm10 exists (58, 59).
For global simulation, the parameters of CUEref and Qm10 of each

site were obtained based on long-term site soil temperature and
well-established relationship between long-term site soil temper-
ature and CUEref and Qm10 in three latitudinal zones (0◦N to 25◦N,
25◦N to 50◦N, and 50◦N to 90◦N).

Mapping global soil MBC at a monthly scale
We estimated the global distribution of MBC relative changes at
a monthly scale based on the semi-mechanistic model developed
in the previous section. In addition, soil MBC in Xu et al. (3) was
estimated based on the long-term average of soil organic C con-
centration and climate conditions (e.g., precipitation), which can
serve as the global long-term average of MBC. Therefore, the com-
bined use of the empirical model in each month and soil MBC in
Xu et al. (3) provides a feasible way to globally estimate MBC in
each month. Based on the global soil MBC dataset in Xu et al. (3)
and the global map of relative change in MBC in each month, we
generated the global maps of monthly MBC (Fig. 2).

We then investigated the modeling performance of MBC by
comparing the model simulation and observed data in each
month (Fig. S5, Supplementary Material). We found the overall
consistency between simulated and observed log-scaled MBC, in-
dicating the robustness of the empirical models in estimating the
seasonal variation of MBC. However, it is noteworthy that the mod-
eling efficacy was untested in the Southern Hemisphere and man-
aged biomes (e.g., cropland and pasture), attention needs to be
paid when interpreting the MBC in the Southern Hemisphere and
managed biomes.

Uncertainty analysis
To estimate the parameter-induced uncertainties in MBC distri-
bution and storage, we used the improved Latin Hypercube Sam-
pling (LHS) approach to estimate the parameter-led uncertainty
in MBC at both biome and global scales. The LHS approach can
randomly produce an ensemble of parameter combinations with
high efficiency. This approach has been widely used in the model-
ing community to estimate uncertainties in the model output (60,
61, 10). We first assumed that all parameters follow a normal dis-
tribution, and then used LHS to randomly select an ensemble of
1000 parameter sets using the function of “improved LHS” in the
R package “lhs” (62).

Data source for diagram development
To better understand the controls on the four phases of MBC (i.e.,
valley, increasing, peak, and declining), we chose regions with the
most distinguished four-phase pattern in low-, mid- and high-
latitude regions for analysis. In specific, we included data from
70◦ to 80◦ in the high latitudes, 40◦ to 50◦ in the mid-latitudes,
and 10◦ to 20◦ in the low latitudes in Northern Hemisphere. For
phase 1 (valley phase), we chose data from May, June, and July
in the low latitudes, August and September in the mid-latitudes,
and September and October in the high latitudes. For phase 2
(climbing phase), data from August, September, October, Novem-
ber, and December in the low latitudes, October, November, and
December, January, and February in the mid-latitudes, and Jan-
uary, February, March, October, November, and December in the
high latitudes were chosen. For phase 3 (peak phase), we chose
data from January and February in the low latitudes, March and
April in the mid-latitudes, and April, May, and June in the high lati-
tudes. For phase 4 (declining phase), we included data from March
and April in the low latitudes, May, June, and July in the mid-
latitudes, and July and August in the high latitudes. We then ran-
domly selected 100 data pairs of substrates (decomposed carbon
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from litter and three SOM pools in the semi-mechanistic model),
ST, and SM in each phase, and 1200 data pairs in total were in-
cluded for generalized linear analysis to attribute variations in
MBC.

Standard deviation
We calculated the arithmetic mean microbial biomass (x̄) and SD
for each month and each quarter. Meanwhile, to describe the MBC
seasonality shifts along latitude, we also calculated the mean mi-
crobial biomass (x̄) and SD at low (0◦N–25◦N), mid- (25◦N∼50◦N),
and high latitudes (>50◦N) for each month. The SDs were used to
represent the spatial variation of microbial biomass among the
sampling points, where xi indicates the MBC in each month or
quarter; n is the number of data points for caltulation.

SD =
√

SD2 =
√∑n

i=1 (xi − x̄)2

n − 1
. (17)

Statistical analysis
We applied the log-transformation to normalize the microbial
biomass data to be consistent in seasonality across sites (Fig. S1,
Supplementary Material). We performed a normality test using
the Shapiro–Wilk test. The log-transformation was adopted as it
was the best to normalize the data for robust statistical analysis
(Fig. 1). All statistical analyses were conducted using the R pro-
gram version 3.5.3 (54); all figures displayed in this study (except
for Fig. 2 made using ArcGIS 10.1) were generated using Origin 8.5
and the R program version 3.5.3 (54).
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