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Distinct response of gross primary productivity in
five terrestrial biomes to precipitation variability
François Ritter1✉, Max Berkelhammer 1✉ & Cynthia Garcia-Eidell1

Climate change will impact precipitation variability, potentially accelerating climate-terrestrial

carbon feedbacks. However, the response of ecosystems to precipitation variability is difficult

to constrain due to myriad physiological and abiotic variables that limit terrestrial pro-

ductivity. Based on a combination of satellite imagery and a global network of daily pre-

cipitation data, we present here a statistical framework to isolate the impact of precipitation

variability on the gross primary productivity of five biomes that collectively account for 50%

of global land area. The productivity of mesic grasslands and forests decreases by ~28% and

~7% (respectively) in response to more irregular rain within the year, while the sensitivity is

halved in response to higher year-to-year variability. Xeric grasslands are similarly impacted

by intra-annual rainfall variance, but they show an increase in productivity with higher

interannual rainfall variability. Conversely, the productivity of boreal forests increases under

higher variability on both timescales. We conclude that projected changes in precipitation

variability will have a measurable global impact on the terrestrial carbon sink.
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Long-term mean precipitation has shown a remarkable sta-
tionarity over the historical record despite warming1.
However, climate models predict that precipitation varia-

bility is expected to be more impacted by climate change2–4, with
evidence of these changes now emerging from observations5–8.
Given that water availability is a major limiting factor for most
biomes9, changes in rainfall patterns (such as less frequent but
more intense storms) can have dramatic consequences on eco-
system composition and productivity10. Earlier studies have
investigated the relationship between rain variability and plant
productivity through three main approaches: (i) rainfall manip-
ulation plots (or RaMPs), where rainwater is collected before it
reaches the canopy and then redistributed with fewer but larger
events11; (ii) land-atmosphere models fed with different pre-
cipitation patterns to simulate the vegetation growth response12;
and, (iii) selection of several sites along a precipitation gradient
to analyze how rain variability influences their productivity
without altering the surrounding environment13,14. The first two
approaches mainly focus on how rain frequency affects the soil
moisture and, consequently, productivity while ignoring other
ecological mechanisms related to rain frequency, such as leaf
wetting15 or vapor pressure deficit16 that are, by design, discarded
in RaMPs due to the absence of control on air moisture and are
poorly captured in models due to their coarse grid size. To
generate a more holistic estimate of the effects of rain frequency
on productivity, we have developed here a variant of the third
approach that establishes a global constraint on how productivity
is affected by rainfall variance by comparing the productivity
between ecosystems with similar mean climate states but different
rain variability.

One of the challenges in generalizing the response of a biome
to rainfall variance emerges from the diversity of ecophysiological
characteristics (canopy height, rooting depth, and stomatal
response to soil moisture), soil types (nutrient pool, porosity, and
conductivity) and mean climate state that modulate the sensitivity
of ecosystems to precipitation patterns. Consequently, former
studies have produced diverging results17,18 on responses to both
intra-annual (precipitation frequency and intensity within the
year) and interannual variability (alternation of pluvial and
drought years). For example, larger but less frequent events can
have a negative13,19 or positive20 impact depending on the eco-
system type. Similarly, more extreme wet and dry years reduce
the productivity of grasslands21 or, conversely, enhance the
resilience of tropical ecosystems by forcing the development of
more diverse hydraulic systems22. Studies agree that higher rain
variability is more likely to benefit xeric over mesic
habitats12,17,21,23, but the overall direction and magnitude of
change in terrestrial productivity due to rain variability have
never been estimated empirically at a scale larger than
isolated plots.

This study quantifies the long-term (2001–2018) contribution
of intra-annual and interannual precipitation variability to the
productivity of five biomes distributed over four continents
(Fig. 1). To achieve this, we address the following issues that have
limited previous studies:

(i) Rainfall is a stochastic process with high spatial and
temporal variability and its variance has been quantified
with numerous metrics6–8,12. Thus far, existing literature
has not established a set of agreed-upon rainfall variability
parameters (RVP) that are globally relevant for ecosystem
productivity and can be aggregated and scaled spatially and
temporally.

(ii) As described earlier, plant growth is affected by many
variables: mean precipitation and mean temperature (first
order drivers), plant and soil type, but also fire frequency or

grazing patterns. A new statistical method is required to
isolate the influence of rainfall variability on productivity
from these confounding variables.

The first issue is associated with the well-known “coarse-
graining problem”, where information is lost through spatial and
temporal averaging24. Weather stations with daily precipitation
are therefore more appropriate than gridded (i.e., mechanistic,
geospatial modeled, or remotely-sensed) precipitation data pro-
ducts of precipitation that do not retain the full spectrum of
information on rain variability25. Using daily rainfall with con-
tinuous records back to 2001, we calculated four RVPs per sta-
tion: one on the interannual scale and three on the intra-annual
scale (Fig. 2a, b). While the RVPs are correlated with one another
(Supplementary Fig. 7), they each emphasize the effects of specific
ecological mechanisms. The coefficient of variation (CV) is
connected to ecosystem resilience to drought years21, the fraction
of dry days (fdry) is correlated to droughts and absence of cloud
cover2 and the rain intensity (α) affects the mean infiltration
depth12. We also introduce a new rain frequency metric, the
Unranked-Gini index (UGi), which is unitless and describes how
irregularly distributed the annual precipitation amount is, span-
ning 0 (rainfall is equally distributed every day) to 1 (rainfall is
concentrated the first or last day of the year). This new metric is
more holistic compared to existing rain frequency indices because
it accounts for the distribution of rain events which we hypo-
thesized in the study design to have a critical influence on the
productivity of different biomes (Supplementary Fig. 6).

The second issue has driven experimental designs that focus on
individual plots where confounding factors, such as different soil
types, can be disregarded. However, when aggregated, these iso-
lated studies on the plot scale have given rise to a broad range of
inconsistent results that justify the need for a global estimate of
the impact of rainfall variability. We first created five biomes
based on their land cover type (grasslands or forests, with crop-
lands excluded) and their long-term mean temperature (T) and
precipitation (P) aggregated from the daily weather stations
present within 0.5° × 0.5° grid cells (Fig. 1a, b). These biomes are
associated with generic names (e.g., warm forests or cold grass-
lands) because they represent different ecological communities
sharing similar canopy height that have been pooled to increase
the sample size (Supplementary Table 1). While Net Primary
Production has been the more traditional metric to study the
influence on rainfall variance on ecosystems, we chose to base our
analysis on the response of Gross Primary Production (GPP)
because advanced estimates through combined satellite data and
in situ measurements are readily available, and changes in pho-
tosynthesis can be linked directly to the response of stomatal
conductance to soil moisture and vapor pressure deficit without
also needing to consider the response of respiration. Three state-
of-the-art global GPP products were utilized in this study: SAT-
FLUX26, FLUXCOM RS+METEO27 (hereafter, simply FLUX-
COM) and the Vegetation Photosynthesis Model or VPM28. To
isolate the impact of each RVP (UGi, α, fdry, or CV) on the GPP
of a biome, a new statistical approach was developed which we
refer to as the pairing method (example in Fig. 2c). The mean
precipitation, temperature and biome type are set as fixed vari-
ables within a selected pair of grid cells, and we compare two
populations of pairs, control (RVP is fixed) and experiment (RVP
is varying), to detect how each RVP influences GPP across the
population of all paired grid cells. The combined effects from all
confounding variables (e.g., soil type or fires) and subgrid scale
heterogeneity in precipitation are presumed to increase the var-
iance of the productivity within the populations, but the median
on the large sample size retains the direction and magnitude of
change in GPP due to RVP (see Supplementary Methods 1).
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Our results provide a clear and consistent constraint on the
directional response of the productivity of terrestrial ecosystems
to precipitation variance that did not emerge from previous work
based on site-level studies. The development of the Unranked
Gini-Index provides unequivocal evidence that intra-annual rain
frequency is a more critical determinant of productivity than
interannual variability for all biomes, and we observe biome-
specific responses to precipitation variability. In agreement with
our expectations, warm-wet grasslands and warm forests have
decreased in productivity in response to higher rainfall variability,
though the former is four times more sensitive (i.e., a 28%
decrease in grasslands and 7% decline for forests). Conversely,
cold forests show higher productivity with higher rainfall varia-
bility and especially in response to longer droughts, which likely
arises from the importance of incident radiation as a primary
limiting factor, but also of snow as a water source in these eco-
systems. One surprising pattern that emerges is a decoupling
between the way warm-dry grasslands respond to rain irregularity
on an interannual scale (increase in productivity) versus intra-
annual scale (decline in productivity). The positive response of
GPP to higher interannual variance was expected but the negative
response to irregular rain within the growing season is a novel
result. Particularly, short gaps between rain events emerge as
more beneficial for warm-dry grasslands relative to large events
that infiltrate deep into the soil. We hypothesize that more fre-
quent rain events improve the nutrient availability and mitigate
water stress through mechanisms such as foliar water uptake or
reduced evapotranspiration, which could explain the unique
temporal decoupling observed in this biome.

Results
Consistency between GPP products. We recognize that a sig-
nificant source of uncertainty in this analysis exists from the
derivation of GPP from various ecosystem models and/or satellite
retrievals. We therefore chose to conduct the analysis on
three products that were derived independently. These products
share results with consistent direction and magnitude of change
for all biomes except in cold grasslands (Fig. 3). The absolute

maximum percentage of change in GPP for grasslands due to
intra-annual variability (UGi, α, or fdry) ranges from 17 to 28%,
while forests are 3–4 times less sensitive (~7% of change).
Interannual variability (CV) has a lesser impact than intra-annual
RVPs, with a maximum of 8–12% of change for grasslands and
3% change for forests.

FLUXCOM shows a sensitivity in the response of productivity
to UGi that is 4–5 times lower compared to the other two
products. On average for the three grasslands, the absolute change
in GPP to UGi for FLUXCOM is 4 ± 2% (1 standard deviation),
compared to 23 ± 11% for SATFLUX and 17 ± 5% for VPM.
FLUXCOM is the only product that directly assimilates
precipitation to improve GPP estimates, and we hypothesize that
it leads to a reduced sensitivity to UGi because this metric is
correlated to mean annual precipitation that was itself fixed in the
pairing method (Supplementary Figs. 5a, 8b). While the results
from all the GPP products are presented in Fig. 3, the discussion
about rainfall frequency will only focus on the results from
SATFLUX and VPM. More generally, we only discuss results that
were common in at least two GPP products.

Cold biomes. Cold forests yield higher productivity with higher
rainfall variability on both intra-annual (drier days, more irre-
gular rain, and heavier events) and interannual scale (more
extreme drought and wet years). The fraction of dry days has the
largest impact on productivity, with an increase of 7% in GPP,
compared to an increase of only 2% from higher interannual
variability. The maximum difference of temperature between two
pairs has been set to 1.5 °C (see “Methods” section), and cold
forests are the only biome where the sensitivity to temperature is
high enough that variations in temperature within this threshold
had an impact on productivity similar to the RVPs (Supple-
mentary Fig. 5b). For the cold grasslands, no consistent patterns
emerged between the GPP products and we therefore draw no
conclusions on how rainfall variance influences this biome.

Warm biomes. In contrast to the cold forests, the productivity of
warm forests and warm-wet grasslands decreases with higher
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Fig. 1 Characteristics of the five biomes. a, b Relationship between long-term mean precipitation and temperature for all forested and grassland grid cells
(0.5° × 0.5°), respectively. A cluster analysis was used to objectively separate forested and grassland sites into cold, warm, wet and dry subsets. c Map of
the grid cells. d Relationship between GPP from SATFLUX and mean precipitation for all grid cells. For panels a, b, and d the number of grid cells is
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rainfall variability on both intra-annual and interannual scales.
UGi has the largest impact on both biomes, with more irregular
rain leading to a 7 and 28% decrease in the GPP of warm forests
and warm-wet grasslands, respectively. In comparison, higher
interannual variability only leads to a 3 and 8% decrease,
respectively. While precipitation intensity has no effect on warm-
wet grasslands, heavier events have a slightly negative, but sta-
tistically significant, impact on warm forests (2% of decrease
in GPP).

Interestingly, productivity of warm-dry grasslands decreases
with more irregular rain (by 17%) but increases with more intense
precipitation events (by 13%) and higher year-to-year variability
(by 12%). SATFLUX is the only product that shows a low
sensitivity to long-term mean annual precipitation within the
pairing procedure for this biome, while the two other products
are sensitive to slight increases in long-term P (Supplementary
Fig. 5), certainly due to the correlation between P and UGi
(Supplementary Fig. 8).

Discussion
Based on the results from previous studies, we presumed that
irregularly distributed precipitation through the year (defined as

UGi ~ 1) would be detrimental to ecosystems. This is confirmed
in our study where temperate biomes that are neither water nor
energy-limited (warm-wet grasslands, warm forests) present a
significant negative response to unevenly distributed rainfall.
Indeed, it has been shown that rain frequency plays an important
role in the spatial distribution of these biomes29. The primary
benefit of evenly distributed rainfall is that it mitigates two
stressful situations: floods30 (waterlogged/hypoxic soils and loss
of available precipitation through runoff) and droughts31 (water-
stress eventually leading to downregulation of photosynthesis and
plant senescence). While the first order pathway that links pre-
cipitation distribution to productivity is through soil moisture
and root water uptake, we also note that there are other pathways
that can enhance the positive response to frequent rainfall
(Fig. 4). This includes, for example, evapotranspiration reduc-
tion32 (ETR), where if precipitation regularly falls, then a decrease
in vapor pressure deficit16, and cooling of the surface due to the
latent heat released during evaporation or shade from the
clouds10 increases the available water. In addition, frequent
rainfall may increase the potential for foliar water uptake33

(FWU), where persistent water availability on the leaf surfaces
rehydrates the plant through the droplet absorption. This process
has a particularly critical role in the ecohydrology of arid
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environments34–36, where dew formation typically occurs once a
week37. Furthermore, precipitation distribution influences nutri-
ent cycling. A positive feedback exists between accumulation of
organic matter (primarily driven by precipitation and tempera-
ture) and concentration of nutrients in the soil38. The balance
between nutrient availability and plant nutrient uptake is however
complex, and depends on microbial community composition,
decomposition rates or turnover times that covary with pre-
cipitation and temperature. Inconsistent results have been found
in the past between manipulative experiments that study the
short-term response of an ecosystem that was put under stress,
and observational studies interested in nutrient levels that
represent the long-term adaptation of ecosystems to a specific
climate39. The direction and magnitude of the impact of

precipitation patterns on nutrient availability therefore remain
uncertain. Future studies could benefit from adopting a similar
approach as used here to isolate how nutrient availability is
influenced by precipitation variance.

On the contrary, we see a clear preference for higher rain
variability in cold forests which arises because the accumulation
of snow and its incremental melting during the spring is a more
critical determinant of water availability than the evenness to
which precipitation is delivered through the year40. Because these
ecosystems are energy-limited, cold forests primarily benefit from
more insolation (higher fdry) and warmer temperatures to
improve their productivity (Supplementary Fig. 5). This result is
not reproduced for the cold grasslands that have a lower mean
annual precipitation and are therefore more water-limited
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(Supplementary Table 1). The large discrepancies between GPP
products for this biome might originate from the pooling of
different land cover types, such as Shrublands or Savannahs, that
have disparate plant functional responses (Supplementary
Table 1). Another possible explanation is the inability of satellite
data-driven models to capture productivity anomalies from these
low canopy ecosystems, which often have snow cover that
influences reflectance estimates of productivity.

In general, interannual and intra-annual rainfall variability are
correlated41 (Supplementary Fig. 7a) as drought years are asso-
ciated with poorly distributed rainfall (Supplementary Fig. 8), and
biomes typically respond in the same direction to changes on
either timescale. It can be presumed that climate change would, in
fact, increase the variance of rainfall on both timescales and
ecosystems would have a predictable response. However, warm-
dry grasslands displayed opposing responses to an increase in
UGi (loss of productivity with irregular rain) and increase in CV
(gain in productivity with more extreme years). The preference of
xeric ecosystems for higher interannual variability has previously
been observed17,21, and explained through the mechanism that
during years with high rainfall, water will infiltrate the soil deeper,
mitigating evaporation losses, and therefore increasing the soil
water availability over months or even years23. The asymmetric
gain in GPP during pluvial years relative to the reduction during
dry years has been well-documented, and explains the high level
of resilience of xeric environments to water stress42. While the
positive impact of heavier events (high α) on warm-dry grass-
lands supports the conceptual model based on soil moisture
fluctuations, the negative impact of irregularly spaced precipita-
tion events points to additional mechanisms not directly asso-
ciated with deep rainfall infiltration, such as ETR or FWU. In
other words, large gaps between rainfall events lead to a decrease
of moisture available on the canopy or soil surfaces, which, in
turn, increases VPD and drives evaporative water loss. Because
these processes occurring at the leaf surface or within the canopy
are known to be poorly represented in models and neglected in
rainfall manipulation experiments, they have not previously been
considered as critical pathways by which rainfall variability
influences productivity. Additionally, nutrient availability has
been observed to decrease with increasing aridity in drylands
based on a long-term observational study43, and less frequent
events might negatively affect the nutrient cycling. We hypothe-
size that the combined effects of all these secondary processes
match the benefit of a higher deep soil moisture content from
larger irregular rainfalls (Fig. 4c). This hypothesis is supported by
the results of a previous study that found a negative impact of less
frequent events on dry shrublands13. However, their discussion
was based on the difference in plant functional traits between
grasslands and shrublands (rooting depths), and the existence of
an intermediate rain frequency to reach optimum soil moisture
levels, depending on the plant and soil type. The decoupled
response of xeric grasslands to intra-annual and interannual rain
frequency illustrates how the resilience of these ecosystems may
emerge from their capacity to optimize the limited water pools
either during periods of high interannual variance, when the soil
moisture mechanism is dominant, or during periods of evenly
distributed precipitation events. This contrasts with the other
biomes, where dry years are associated with higher water stress
because decrease in rainfall frequency leads to an overall weaker
resilience to drought.

It is expected that there will be a shift towards larger and more
infrequent rainfall events with warming. Our results suggest with
high confidence that boreal forests will respond positively to this
change, and mesic ecosystems will be put under higher stress. Xeric
grasslands will have to rely more on the root water-uptake pathway
and be deprived of the previously mentioned secondary pathways

that are possibly crucial to mitigate water stress. The response of
energy-limited grasslands, savannahs, and shrublands remains
uncertain. With the exception of the boreal forests, these responses
would act in opposition, and with a similar absolute magnitude, to
the increase in productivity from CO2 fertilization effect. Current
projections of how much the strength of the terrestrial carbon
feedback will increase in response to warming and higher CO2 may
be significantly affected by the dynamic physical response of pre-
cipitation to warming, and the ecological processes that emerge in
response to these changes, as described in this study.

Methods
Land cover type. We classify biomes using the Moderate Resolution Imaging
Spectroradiometer (MODIS) Land Cover Type Product (MCD12Q1, 500 m reso-
lution, 2001–2018). The total of 17 classes from the International
Geosphere–Biosphere Program (IGBP) are merged into four generic classes: forests
(includes deciduous, evergreen, mixed, and woody savannahs), grasslands (includes
shrublands and savannahs), croplands (includes urban and mosaic) and “other”
(remaining classes). Area-averaged land cover type for each 0.5° × 0.5° grid is
estimated from this data. Cells with more than 5% croplands are discarded. Only
cells with more than 50% forests or 50% grasslands are considered, and they must
contain at least one weather station with long-term daily precipitation. This strict
condition explains why the Southern hemisphere is absent from the analysis (at the
exception of Australia), as well as most of Asia.

Gross primary production. We use three global monthly gridded GPP datasets at a
0.5° spatial resolution. For each product, only long-term (15–18 years) GPP average
for each grid cell are analyzed. The first product is SAFLUX26, with data available
from 2001 to 2018. It is a light-use efficiency model trained using in situ eddy
covariance measurements (FLUXNET), and based on MCD43 surface reflectance
from MODIS and Solar induced chlorophyll Fluorescence from GOME-2. The
second product is FLUXCOM RS+METEO27 that upscales FLUXNET observa-
tions using a machine learning method and uses a combination of MODIS and
gridded meteorological products to estimate fluxes from 2001 to 2015. The last
product is the Vegetation Photosynthesis Model (VPM GPP V20). It is a light-use
efficiency model similar to SATFLUX and can separate productivity from C3 and
C4 plants28. Data are available from 2000 to 2016.

For each grid cell, a year* is first defined as 365 days centered around maximum
GPP from SATFLUX of the seasonal component given by the STL package in R
using a LOESS fit. This is done so southern and northern hemisphere sites can be
treated the same in terms of precipitation timing.

Precipitation. We use 2597 weather stations from the Global Historical Clima-
tology Network-daily (GHCN-daily44). Stations with more than three invalid
years* (>5% missing daily P values per year*) between 2001 and 2018 are dis-
carded. For each valid year*, mean P, fdry, UGi, and α are calculated. They are then
temporally averaged for each station, and CV is calculated. All parameters are
finally spatially averaged using all the RVP values calculated from each weather
station within the grid cell. There are, on average, 1.7 stations per grid cell (see
Supplementary Fig. 1).

Temperature. Due to a lack of data in the GHCN-daily temperature, monthly CPC
global temperatures45 from 2001 to 2018 (0.5° × 0.5°) are used for clustering of
biomes and pairing of grid cells (Supplementary Fig. 2). It has no effect on our
estimation of the GPP response to changing RVP (Supplementary Fig. 5b).

Biomes selection. A cluster analysis is performed for the grasslands and forests to
select a subset of five biomes sharing similar long-term P & T (Fig. 1a, b). The
KMEANS package in R is used, and the number of clusters (three for the forests,
four for the grasslands) is decided based on the P & T range and the sample size
required for the pairing method. Tropical biomes are discarded due to a too small
sample size, and the characteristic of each biome (P, T, GPP, RVPs, and IGBP
fraction) is presented in the Supplementary Table 1.

Pairing method. Details are provided in Supplementary Methods 1. A pair is
defined as two grid cells sharing same biome, same long-term P (t-test, p > 0.05)
and their difference in long-term T is smaller than 1.5 C. Through this procedure,
the effect of T & P on the GPP of two paired grid cells is considerably reduced and
becomes much lower than the influence of UGi (Supplementary Fig. 5). The dif-
ference of productivity within each pair (dRVP, in %) is denoted with a positive
(resp. negative) sign if GPP is increasing (resp. decreasing) with higher RVP (UGi,
α, fdry, or CV). For each biome and each RVP, the entire population of pairs is
equally divided into a control (similar RVP for both members of a pair) and
experiment (different RVP for both members of a pair) population and the median
values of each population’s dRVP are compared. Confidence intervals are calculated
on the 2.5–97.5% quantile of a population created by bootstrapping of the pairing
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procedure (N= 10,000). Figure 2c provides a schematic depiction of the pairing
method applied to UGi for the warm forest biome.

Unranked-Gini index. This rainfall frequency parameter is defined as twice the
absolute area delimited by the 1:1 curve and the normalized cumulative pre-
cipitation curve (versus normalized time window, see Fig. 2a). This novel index is
inspired by two former studies46,47, however by normalizing the precipitation we
are able to compare across xeric and mesic sites, and the calculation of an absolute
area (instead of a standard deviation) is similar to the Gini-Index7 (Supplementary
Fig. 3a, b). Unlike the Gini-index, UGi does not require the precipitation to be
ranked. The ecological information contained in the chronology of the rain events
is therefore conserved, which is not the case for other common indices like the
mean interval between rainfall events12, the Gini index or the wet-Gini index7. The
high sensitivity of GPP to UGi relative to other indices highlights its skill as an
ecohydrological rainfall parameter (Supplementary Fig. 6).

Data availability
Raw data: MODIS MCD12Q1 https://doi.org/10.5067/MODIS/MCD12C1.006; GHCN
https://www.ncdc.noaa.gov/ghcnd-data-access; FLUXCOM http://www.fluxcom.org/;
SATFLUX https://avdc.gsfc.nasa.gov/index.php?site=228529134&id=54&go=list&path=%
2Fmonthly/0.5×0.5; VPM https://figshare.com/articles/Annual_GPP_at_0_5_degree/5048005;
CPC ftp://ftp.cpc.ncep.noaa.gov/precip/PEOPLE/wd52ws/global_temp/. Processed data:
https://figshare.com/articles/dataset/Distinct_response_of_gross_primary_productivity_in_
five_terrestrial_biomes_to_precipitation_variability/12937013.

Code availability
The algorithm used to perform the analysis presented in this article can be downloaded at
https://figshare.com/articles/dataset/Distinct_response_of_gross_primary_productivity_in_
five_terrestrial_biomes_to_precipitation_variability/12937013.
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