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Lagged precipitation effects on plant 
production across terrestrial biomes
 

Lei He    1, Jian Wang    2,3  , Drew M. P. Peltier4, François Ritter5, 
Philippe Ciais    5, Josep Peñuelas    6,7, Jingfeng Xiao    8, 
Thomas W. Crowther    9, Xing Li    10, Jian-Sheng Ye    11, Takehiro Sasaki    12, 
Chenghu Zhou13 & Zhao-Liang Li    1,14 

Precipitation effects on plant carbon uptake extend beyond immediate 
timeframes, reflecting temporal lags between rainfall and plant growth. 
Mechanisms and relative importance of such lagged effects are expected 
to vary across ecosystems. Here we draw on an extensive collections of 
productivity proxies from long-term ground measurements, satellite 
observations and model simulations to show that preceding-year 
precipitation exerts a comparable influence on plant productivity to 
current-year precipitation. Statistically supported lagged precipitation 
effects are detected in 13.4%–19.7% of the grids depending on the data 
source. In these sites, preceding-year precipitation positively controls 
current-year plant productivity in water-limited areas, while negative 
effects occur in some wet regions, such as tropical forests. While aridity 
emerges as the main driver of this spatial variability, machine learning-based 
spatial attribution also indicates interactions among plant traits, climatic 
conditions and soil properties. We also show that soil water dynamics, plant 
phenology and foliar structure might mediate lagged precipitation effects 
across time. Our findings highlight the role of preceding-year precipitation 
in global plant productivity.

Precipitation is the major constraint on soil water availability and 
plant growth, thereby affecting ecosystem structure and function-
ing and fluxes of energy and carbon1–3. As such, plants have greater 
productivity in wet than in dry regions, highlighting an emergent con-
trol of precipitation on plant productivity from a spatial perspective4. 
However, concurrent precipitation explains a fairly limited amount 
of plant productivity at a given site or region, because precipitation 
impacts may linger in time5–7. Lagged precipitation effects (LPEs), the 
delayed impacts of antecedent precipitation, may be a central driver 
of sustained plant productivity8,9. As precipitation becomes both more 
extreme and variable under warming10,11, recognizing and improving 
our understanding of LPEs is critical for ecological and agricultural 
practices12,13 and ecosystem functioning and carbon cycling5,14.

Previous studies have highlighted the lingering effects of past 
drought events on plant productivity, commonly referred to as ‘drought 

legacies’5,15–18. In contrast, LPEs capture the influence of antecedent 
precipitation over annual to multiyear timescales, irrespective of 
whether those periods include extreme events and reflect a form of pre-
cipitation ‘memory’ effect17. However, identifying and elucidating this 
precipitation memory effect (that is, LPEs) has proved challenging19. 
Empirical efforts, relying on manipulative experiments or site-level 
observations, have yielded inconsistent results due to discrepancies 
in productivity proxies, spatial scale, ecological context and quanti-
tative apporoches8,14,15,20, thereby complicating attempts to discern 
overarching patterns and general mechanisms. A leading hypothesis 
attributes LPEs to plant physiological memory, wherein resources 
such as carbohydrates and nitrogen are stored in specific organs dur-
ing favourable periods and later remobilized to support growth or 
reproduction under stress17,21,22. Accordingly, positive LPEs have been 
widely documented in semi-arid grasslands7,9,23, savanna ecosystems24 
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(Supplementary Table 1), to assess the effects of preceding-year versus 
current-year precipitation on plant productivity. Partial correlation 
analyses were conducted to isolate the effects of precipitation from 
preceding years (up to a 3-yr lag) and the current year, while control-
ling for precipitation during other periods and additional climatic 
factors, including annual mean near-surface temperature and total 
surface downwelling solar radiation. Our results showed that 12.4% of  
RWI sites exhibited significant partial correlations with current-year 
precipitation, aligning with VIsat-based analysis, which showed 
16.7 ± 1.1% (mean ± s.e.) of grids with significant partial correlations 
(P < 0.05). Preceding-year precipitation (1-yr lag) had a comparable 
influence on productivity to current-year precipitation, as evidenced 
by a higher frequency of significant partial correlations (17.9% for RWI 
sites and 17.5 ± 2.1% for VIsat pixels), while the effects of precipitation 
with 2- and 3-yr lags were notably weaker. We further categorized sites 
and grids with significant correlations into four groups on the basis 
of anomalies in precipitation and productivity proxies (Methods). 
Positive correlations—where wet (dry) years were followed by increases 
(declines) in productivity—were substantially more frequent than  
negative correlations, where wet (dry) years preceded productiv-
ity declines (increases) (Fig. 1a). These results underscore the wide-
spread positive effects of precipitation across different time lags on  
plant productivity.

To quantify the magnitude of precipitation effects, we applied 
ridge regression to address potential collinearity among drivers  
(Methods). Our results showed that the precipitation signals (defined 
as the absolute value of regression coefficients) from the preceding 
year were similar or higher than those from the current year (RWI 
P < 0.001; VIsat P = 0.173) (Fig. 1b). Approximately 10% of the variance 
in RWI- and VIsat-based metrics was attributed to preceding-year pre-
cipitation, close to or exceeding the variance explained by current-year 
precipitation (RWI P < 0.001; VIsat P = 0.495) (Supplementary Fig. 2). 
Biome-level- and growing-season-based analyses further demonstrated 
that the influence of preceding-year precipitation on plant productivity 
was comparable to that of current-year precipitation (Supplementary 
Figs. 3–6), highlighting the important role of antecedent precipita-
tion across scales. To examine the effects of climate extremes, we 
conducted the same analyses after removing abnormal years with 1, 1.5 
and 2 s.d., and found overall consistent results (Supplementary Fig. 7). 

and temperate forests25, where higher precipitation in preceding years 
enhances soil moisture storage, plant growth (for example, increases in 
leaf area and sapwood area) and nutrient mineralization, subsequently 
boosting plant productivity in the current year.

Conversely, negative LPEs—whereby higher antecedent precipi-
tation reduces subsequent productivity—have been less frequently 
reported but may emerge in extreme wet regions (for example, 
>3,000 mm yr−1), such as tropical rainforests26. These negative 
responses are potentially driven by chronic soil waterlogging27,28, nutri-
ent leaching29 and indirect structural shifts in canopy composition or 
light availability6. Similarly, reduced precipitation or brief droughts 
accompanied by increased solar radiation may enhance concurrent 
or near-future photosynthetic capacity in rainforest canopies30,31. 
These contrasting LPE patterns highlight biome-specific trade-offs in 
water–energy balance and reflect the diverse acclimation and adapta-
tion strategies used by vegetation in response to climatic variability6,8,9.

Yet, in contrast to the extensively studied drought legacies, the 
direction and magnitude of LPEs remain poorly understood, and have 
not been characterized at global scales. Underlying mechanisms are 
also likely to differ across ecosystems (forests and grasslands) and 
across time, limiting our ability to predict vegetation productivity 
under shifting precipitation regimes. To address this, we developed 
an integrated framework to assess LPEs on plant productivity across 
spatial scales, combining precipitation records with long-term produc-
tivity metrics or proxies derived from ground observations, satellite 
remote sensing and model outputs. We systematically quantified the 
direction and magnitude of LPEs from site to global scales and used 
machine learning-based spatial attribution analysis to disentangle 
the contributions of biotic and abiotic drivers to their geographic 
variability. Furthermore, we investigated the temporal mechanisms 
underpinning LPEs, focusing on the mediating roles of soil moisture 
dynamics, leaf structural traits and phenological responses.

Results
Comparison of preceding-year versus current-year 
precipitation effects on plant productivity
We analysed long-term ground-based monitoring data of tree-ring- 
width index (RWI), a proxy for annual tree productivity (Supplemen-
tary Fig. 1), alongside eight satellite-derived vegetation indices (VIsat) 
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Fig. 1 | Comparison of effects of current-year and antecedent precipitation 
on plant productivity. a, Frequencies of sites (RWI, n = 4,852) and grids (VIsat) 
with significant partial correlations (P < 0.05) between plant productivity and 
precipitation for the current year (Pt), with 1-yr (Pt − 1), 2-yr (Pt − 2) and 3-yr (Pt − 3) 
lags. The VIsat-based results were determined as the mean frequency of eight 
VIsat datasets. A two-sided Student’s t-test showed no significant difference in 
frequency between Pt and Pt − 1 among VIsat datasets (P = 0.758, n = 8). Sites or grids 
with significant partial correlations were categorized into four groups on the 
basis of anomalies in precipitation and productivity: ‘wet’ and ‘dry’ represent 
positive and negative precipitation anomalies, respectively; and ‘increase’ 

and ‘decline’ correspond to positive and negative productivity anomalies, 
respectively. b, Distribution of precipitation signals (absolute values of ridge-
regression coefficients, unitless) for the current year (Pt) and the preceding year 
(Pt − 1). Sites or grids were included if plant productivity was significantly sensitive 
to precipitation in either the current or preceding year. Precipitation signals were 
compared across RWI sites (n = 1,259) and among VIsat datasets (n = 8). Boxplots 
show the mean (cross), median (line), 25th–75th percentiles (box) and whiskers 
to the minimum and maximum within 1.5× the interquartile range (75th minus 
25th percentile) from the box edges. P values reflect significance levels based on 
two-sided Student’s t-tests.
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Additionally, we examined the role of preceding-year precipitation 
in regulating concurrent productivity, using a nonlinear regression 
method (generalized additive models, GAMs) (Supplementary Fig. 8) 
and substituting precipitation data with the standardized precipita-
tion evapotranspiration index (SPEI) (Supplementary Fig. 9). Collec-
tively, these analyses consistently confirmed the substantial effects of 
preceding-year precipitation on plant productivity variability.

LPEs on plant productivity from site to global scales
Given the notable influence of preceding-year precipitation on plant 
productivity, we quantified LPEs using ridge-regression-based sen-
sitivity analyses across multiscale productivity proxies (Methods). 
We assessed site-level LPEs using three independent ground-based 
productivity proxies: (1) RWI, (2) eddy-covariance flux-derived gross 
primary productivity (GPPflux) and (3) grass aboveground net primary 
production (ANPP) (Supplementary Figs. 1, 10 and 11). RWI data from 
4,852 sites identified LPEs at 19.0% of the sites, with 17.2% showing posi-
tive and 1.8% showing negative LPEs (Fig. 2a). Classification of sites by 
tree type (angiosperms and gymnosperms) confirmed a predominance 
of positive LPEs, with angiosperm sites showing comparable LPEs to 
those of gymnosperm sites (Supplementary Fig. 12). Grassland ANPP 
data from 50 sites revealed similar patterns, with 18.0% and 2.0% of 
sites exhibiting positive and negative LPEs, respectively. The GPPflux 
data (68 sites) indicated a weaker prevalence of positive LPEs, with 
10.3% showing positive and 5.9% showing negative LPEs (Fig. 2b). We 
observed consistently negative correlations between the aridity index 
(precipitation/potential evapotranspiration ratio, with lower values 
indicating more arid conditions) and LPEs across all three datasets, 
with positive LPEs tending to occur in arid regions and negative LPEs 

in wetter regions (Fig. 2c–e), highlighting the aridity-dependent nature 
of LPEs as derived from ground-based measurements.

Consistent with findings from ground-based networks, global- 
scale analyses using eight VIsat, eight satellite-derived estimates of GPP 
(GPPsat) and 18 GPP simulations from carbon-cycle models (GPPmodel) 
(Supplementary Tables 1 and 2) confirmed the widespread occurrence 
of LPEs, with a notable predominance of positive LPEs (Fig. 3). Specifi-
cally, analyses of eight VIsat metrics revealed widespread positive LPEs 
(16.9%) mainly in arid and semi-arid regions, whereas negative LPEs 
(2.8%) were more prevalent in humid regions, such as tropical forests 
in South America and central Africa, as well as mid-to-high latitude 
Europe (Fig. 3a). The aridity-dependent nature of VIsat-based LPEs was 
further supported by significant negative correlations between LPEs 
and the aridity index (P < 0.001) (Fig. 3b). Among VIsat metrics, we 
found similar magnitudes and spatial patterns of LPEs (Supplemen-
tary Figs. 13 and 14), while results from satellite-derived vegetation  
optical depth (VOD), a proxy of vegetation biomass and water con-
tent, exhibited higher magnitudes and more evident patterns of LPEs  
than other VIsat metrics. Similar spatial patterns and aridity depend-
encies were observed in GPPsat-based analyses with eight datasets, 
although the proportions and magnitudes differed (positive LPE 
11.4%; negative LPE 2.0%) (Fig. 3c,d and Supplementary Fig. 15). Using  
GPPmodel (Supplementary Table 2), we also identified widespread  
positive LPEs (12.5%) and significant negative correlations between 
LPEs and the aridity index (Fig. 3e,f). However, the consistency of  
LPE patterns across models was limited, as indicated by divergent 
spatial patterns of LPEs and relatively high standard deviations  
across models compared with VIsat and GPPsat metrics (Supplementary 
Figs. 16 and 17). Collectively, evidence from diverse datasets confirms 
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Fig. 2 | LPEs on plant productivity inferred from ground-based measurements. 
a, LPE patterns for RWI. b, LPE patterns for GPPflux and grass ANPP. LPEpositive and 
LPEnegative indicate positive and negative LPE, respectively. c–e, Relationships 
between aridity index (precipitation-to-potential evapotranspiration ratio) and 
LPEs for RWI (c), GPPflux (d) and ANPP (e). In c–e, red lines show the fitted values 

from the ordinary least squares regression, with red shading representing the 
95% confidence intervals. R indicates the correlation coefficient between LPE and 
the aridity index and P values are derived from two-sided t-tests of the regression 
coefficients.
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the global, aridity-dependent patterns of LPEs. However, compared 
with VIsat-based analyses, the magnitudes of LPEs and the frequencies  
of positive LPEs from GPPsat- and GPPmodel-based analyses were  
generally lower.

Potential mechanisms underlying LPEs
We evaluated the relative contributions of biotic and abiotic factors  
to the spatial variability of LPEs using a random forest (RF) model cou-
pled with Shapley additive explanations (SHAP) analysis (Methods). 
 In the grid-based (VIsat) analysis, the RF model explained 71% of spatial 
variability in LPEs (R2 = 0.71 ± 0.05). Among the factors, the aridity  
index was the most influential, showing a negative correlation with 
LPEs. Consistently, areas characterized by high radiation or low pre-
cipitation predominantly exhibited positive LPEs (Fig. 4a). Additionally, 
regions with lower soil pH (more acidic soils) tended to exhibit nega-
tive LPEs (Supplementary Fig. 18). Although RF models explained a 
smaller proportion of site-level LPE variability (R2 = 0.34), we observed 
similar climatic, vegetation and soil controls in RWI-based analyses. 
Climatic variables, particularly the aridity index, were the dominant 
drivers of spatial variability in LPEs (Fig. 4b). Notably, grids or sites 
with lower plant species richness or greater variance in productivity 
proxies tended to exhibit stronger LPEs (Fig. 4a,b and Supplementary 

Fig. 19), suggesting that ecosystem structure and resilience mediate 
the spatial patterns of LPEs.

From a temporal perspective, we tested three hypotheses to 
explain the divergent LPEs as follows. H1 (background moisture con-
dition): increases in preceding-year precipitation may enhance soil 
moisture storage and availability (and/or snowpack), thereby boosting 
plant productivity in water-limited regions (positive LPE)32. However, 
excessive precipitation in the past may lead to soil oversaturation in 
water-sufficient areas, reducing aeration and causing waterlogging, 
which inhibits photosynthetic activity (negative LPE)27,28. H2 (biological 
carryover effect): larger leaf area is associated with a greater capacity 
for carbon uptake. However, preceding-year precipitation may have 
contrasting effects on leaf area due to the balance between water and 
energy limitations. These shifts in leaf structure could carry over into 
the following year, influencing plant productivity. We note that leaf 
area shifts may be reflective of other physiological changes that are 
harder to observe, but may also drive LPEs, such as changes in sapwood 
conducting area, rooting area or carbohydrate reserves9,33. H3 (pheno-
logical control): preceding-year precipitation may impact green-up 
date, a key determinant of growing-season length for the subsequent 
year, thereby affecting plant productivity in different directions34. 
To test these hypotheses, we applied partial correlation analyses and 
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Fig. 3 | LPEs on plant productivity inferred from satellite observations 
and model simulations. a,c,e, Spatial patterns of LPEs for VIsat (a), GPPsat (c) 
and GPPmodel (e). For each grid, the map values represent the mean LPEs from 
collections of VIsat (n = 8), GPPsat (n = 8) and GPPmodel (n = 18). In inner subplots, 
error bars indicate half the standard error and grey points indicate the 
frequency (%) of significant LPE grids for each dataset. Spatial distributions 
of LPEs for individual datasets and standard deviations in LPEs are provided 

in Supplementary Figs. 13–17. b,d,f, Relationships between aridity index 
(precipitation-to-potential evapotranspiration ratio) and LPEs for VIsat (b), GPPsat 
(d) and GPPmodel (f). In b,d and f, red lines show the fitted values from the ordinary 
least squares regression. R indicates the correlation coefficient between LPE and 
the aridity index and P values are derived from two-sided t-tests of the regression 
coefficients.
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structural equation models (SEMs), focusing on three mediators: 
total water storage (TWS, an observational indicator of soil moisture 
dynamics), leaf area index (LAI) and green-up date (GUD) (Methods).

Increases in preceding-year precipitation enhanced soil moisture, 
as evidenced by predominantly positive correlations between pre-
cipitation and TWS. In regions with positive LPEs, elevated TWS stimu-
lated plant productivity (indicated by VIsat). However, in regions with 
negative LPEs, TWS had the opposite effect on plant productivity, high-
lighting the divergent mediating roles of soil moisture in shaping LPE  
patterns (Fig. 4c). Similarly, preceding-year precipitation showed 
positive and negative correlations with LAI in areas with positive 

and negative LPEs, respectively, further exerting contrasting effects 
on plant productivity (Fig. 4d). Divergent responses of GUD to 
preceding-year precipitation were also observed, resulting in opposing  
influences on plant productivity (Fig. 4e). Separate SEM analyses for 
positive and negative LPEs confirmed distinct pathway effects through 
the three mediators (Fig. 4f,g). Collectively, these results support 
all three proposed hypotheses. Besides, we linked preceding-year 
precipitation to concurrent productivity through intermediate vari-
ables generated by GPP models, including LAI, root carbon content, 
nitrogen uptake and net nitrogen mineralization. These mediating 
variables effectively captured the spatial patterns of LPEs, exhibiting 
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c–e, Distributions of partial correlation coefficients for three mediators: 

relationships include preceding-year precipitation (Pt − 1) versus current-year 
TWS and TWS versus satellite-observed vegetation indices (VIsat) (c); Pt − 1 versus 
LAI and LAI versus VIsat (d); and Pt − 1 versus GUD and GUD versus VIsat (e). Statistical 
significance was set at P < 0.05. f,g, SEMs describing the positive (f) and negative 
(g) LPEs incorporating the effects of mediators. Numbers on the arrows represent 
the mean and the standard error for standardized path coefficients across VIsat 
datasets (n = 8), with blue and red arrows denoting negative and positive effects, 
respectively. The lower subplots show the direct, intermediary (GUD (A), LAI (B) 
and TWS (C)) and total effects (TE) of preceding-year precipitation on VIsat.

http://www.nature.com/natecolevol


Nature Ecology & Evolution

Article https://doi.org/10.1038/s41559-025-02806-4

predominantly positive effects in regions with positive LPEs and pre-
dominantly negative effects in regions with negative LPEs (Supple-
mentary Fig. 20). This suggests that LPEs exert divergent influences 
on multiple ecophysiological processes associated with productivity.

Discussion
This study provides compelling evidence that preceding-year precipita-
tion exerts a comparable impact on concurrent plant productivity as 
current-year precipitation, as demonstrated by ground observations 
and multiple satellite-based metrics (Fig. 1). This lagged response was 
shaped by climatic context and ecosystem characteristics across site 
to global scales. Positive LPEs predominate in water-limited regions, 
whereas negative LPEs are more common in humid areas (Figs. 2 and 
3). Notably, the persistence of LPE patterns before and after removing 
extreme climate events suggests that precipitation memory effects may 
operate independently of precipitation legacies driven by extremes 
such as drought (Supplementary Fig. 7). Spatially, aridity emerged as 
the strongest predictors of LPE variability, underscoring their central 
roles in governing vegetation–climate interactions. Ground-based 
analyses revealed predominantly positive LPEs in RWI and ANPP data-
sets, while GPPflux showed no clear predominance—probably reflecting 
differences in proxy sensitivity, representativeness or temporal lags 
in allocation of photosynthate to biomass. Furthermore, regions with 
higher plant species richness or greater productivity stability were 
more likely to exhibit weaker or negative LPEs, suggesting that com-
munity buffering, trait diversity and resource saturation may dampen 
productivity responses to prior-year precipitation35 (Fig. 4a,b and Sup-
plementary Fig. 19).

Mechanistically, LPEs probably arise from the interplay of hydro-
logical memory (snowpack or soil moisture storage), shifts in struc-
tural or physiological traits (for example, leaf area, sapwood area, 
rooting area, tillers and carbon reserves) and climatic controls on 
growth phenology (Fig. 4). In drylands, our findings align with the 
‘pulse-reserve’ paradigm36, where antecedent precipitation enhances 
water and nutrient availability and root development, thereby sup-
porting subsequent productivity. In contrast, in humid systems, 
negative LPEs may arise from precipitation-regulated soil moisture 
or cloudiness, leaf development and phenological variations, jointly 
constraining foliar development and carbon assimilation. In tropical 
forests specifically, increased precipitation could reduce incoming 
radiation, lower nutrient cycling rates under increasingly anoxic condi-
tions and limit leaf expansion and photosynthesis despite elevated soil 
moisture26,30,31. Although we highlight LAI as a key structural trait linked 
to these dynamics, it is best understood as an emergent property of 
past growth and environmental conditions33. Temporal carryover in 
LAI and phenological shifts probably reflect antecedent physiological 
processes37, including carbohydrate storage, hydraulic function, trait 
plasticity and species-specific leaf turnover—all of which merit further 
experimental investigation.

Process-based vegetation models partially capture these lagged 
dynamics. Using LAI, root carbon content, nitrogen uptake and net 
nitrogen mineralization as intermediate variables, we explored how 
antecedent precipitation can divergently influence current produc-
tivity (Supplementary Fig. 20). Although our carbon-cycle model 
ensemble—driven by common climate forcing—identified similar 
aridity-dependent patterns, especially in highlighting tropical forests 
as negative LPE hotspots, substantial intermodel disagreement points 
to missing processes (Fig. 3 and Supplementary Fig. 16). These might 
include incomplete treatment of root turnover, leaf aging, nutrient 
limitation and carbon allocation memory5,38,39. Divergent spatial pat-
terns observed in our results suggest that climatic context, plant traits 
and soil conditions interact in complex ways that link current produc-
tivity with prior precipitation—a coupling rarely addressed in current 
model frameworks. Thus, our findings highlight the need for in-depth 
investigations into intermodel discrepancies and enhanced model 

representations of climatic memory and ecosystem response dynamics 
to better anticipate shifts in vegetation function and terrestrial carbon 
cycling under increasing precipitation variability.

Methods
Proxies of plant productivity
Tree-ring width data. We investigated the lagged effect of preceding- 
year precipitation on tree productivity using chronology-level 
annual RWI and basal area increment (BAI). RWI was derived from 
raw tree-ring-width data sourced from the International Tree-Ring 
Data Bank (ITRDB)40, applying two detrending methods—spline and 
modified negative exponential function—to eliminate long-term trends 
due to aging and increasing trunk diameter41,42. From the ITRDB, we 
analysed 206,765 records across 4,852 sites worldwide spanning  
1959–2022, each with ≥20 years of observations. BAI, a two-dimensional 
metric of wood production43, was calculated as:

BAI = π (R2
t − R2

t − 1) (1)

where Rt is the tree radius in year t. As field-measured diameters were 
unavailable in the ITRDB, diameters were estimated by summing 
annual ring widths, following prior studies44,45. Both RWI and BAI  
were computed using the R package dplR41. Primary results were 
based on spline-derived RWI (Figs. 1 and 2), with consistent findings  
from modified negative exponential-derived RWI and BAI (Supple-
mentary Fig. 21).

Flux-derived gross primary productivity. We analysed ecosystem- 
level gross primary productivity (GPP) derived from eddy-covariance 
flux measurements (GPPflux). After excluding cropland sites and 
those with <7 yr of data, we retained 68 sites from the FLUXNET2015 
database46, yielding 868 site–year records of annual accumulated GPP.

Grassland aboveground net primary productivity. We compiled 
long-term ANPP data from two grassland datasets47,48. A previous 
study47 synthesized ≥10-yr ANPP records from drylands, integrating 
EcoTrends, Long Term Ecological Research and Oak Ridge National  
Laboratory Distributed Active Archive Center databases, supple-
mented by Google Scholar searches for ‘aboveground net primary 
production’ or ‘ANPP’. Another study48 aggregated field-based grass-
land net primary productivity from 438 publications (1957–2018). After 
excluding time series <7 yr and removing duplicates, we retained 774 
site–year records across 50 sites.

Satellite-observed vegetation productivity and growth indices. 
To examine global LPEs and ensure robustness, we used multiple VIsat. 
These included four greenness metrics from the moderate resolution 
imaging spectroradiometer (MODIS) MOD13C2 product49—enhanced 
vegetation index (EVI), normalized difference vegetation index (NDVI) 
and kernel NDVI—spanning 2001–2022 and NDVI from the global 
inventory modelling and mapping studies—third generation v.1.2 
(GIMMS-3G+) (1982–2022)50. We also incorporated two solar-induced 
chlorophyll fluorescence (SIF) datasets (2001–2022): global OCO-
2-based SIF (GOSIF)51 and continuous solar-induced fluorescence 
(CSIF)52, alongside two microwave-based VOD products: Ku-band 
VOD (1988–2016)53 and merged-band (C, X, Ku) VOD (1988–2021)54. 
Annual mean indices were used for analysis.

Satellite-derived estimates of GPP. To evaluate GPPsat in capturing 
LPE, we analysed eight global datasets: global land surface satellite  
(GLASS) GPP55, GOSIF-derived GPP56, multiscale satellite remote  
sensing (MuSES) GPP57, MODIS-algorithm GPP58, two-leaf light use 
efficiency (TL-LUE) GPP59, Penman–Monteith–Leuning (PML) v.2 GPP60, 
light response function-based (LRF) GPP61, and machine learning and 
FLUXNET based carbon and water fluxes (MF-CW) GPP62. All datasets 
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were resampled to 0.5° resolution and annual GPP values were used 
for analysis.

GPP from dynamic global vegetation models. We assessed the 
representation of LPE in 18 GPPmodel from the TRENDY v.11 project63: 
CABLE-POP, CLASSIC, CLM5.0, DLEM, IBIS, ISAM, ISBA-CTRIP, JSBACH, 
JULES, LPJ-GUESS, LPJ, LPX-Bern, OCN, ORCHIDEE, SDGVM, VISIT, 
VISIT-NIES and YIBs (Supplementary Table 2). We used the S3 simula-
tion, driven by time-varying forcings (atmosphere CO2 concentration, 
climate, land use and nitrogen deposition).

Climate and environmental data
For tree-ring and grassland ANPP analyses, which span the 1950s 
onward, we used monthly ERA5-Land climate data at 0.1° resolution64, 
including precipitation, air temperature, surface downwelling 
solar radiation and soil moisture (0–100-cm depth). For GPPflux  
and global-scale gridded analyses (VIsat, GPPsat and GPPmodel), we 
used multisource weighted-ensemble precipitation (MSWEP) 
precipitation65, multisource weather (MSWX) air temperature and  
surface downwelling solar radiation66 and global land evaporation 
Amsterdam model (GLEAM) root-zone soil moisture67. MSWEP inte-
grates gauge-, satellite- and reanalysis-based data, providing reli-
able global precipitation estimates at 0.1° resolution with daily and 
monthly temporal resolution from 1979 to near-present65. To enhance 
the robustness of LPE estimates in VIsat analyses, we incorporated 
additional precipitation datasets: ERA5-Land, Climatic Research  
Unit (CRU)68, Climate Prediction Center (CPC)69 and Global Precipi-
tation Climatology Centre (GPCC)70. These precipitation datasets 
confirmed that preceding-year precipitation has a comparable impact 
on plant productivity to that of current-year precipitation (Supple-
mentary Fig. 22).

We accounted for atmospheric CO2 concentration (Ca) and vapour 
pressure deficit (VPD) in LPE estimates. Ca data were sourced from the 
NOAA Global Monitoring Laboratory (https://gml.noaa.gov/ccgg/
trends/mlo.html). VPD was calculated from monthly air temperature, 
dewpoint temperature, relative humidity and air pressure data using 
the R package plantecophys71, based on ERA5-Land and MSWX data.

Determination of LPEs across scales
To evaluate the influence of past precipitation on plant productivity, 
we first conducted partial correlation analyses between plant produc-
tivity and precipitation at lag 0 (Pt), 1-yr lag (Pt − 1), 2-yr lag (Pt − 2) and 3-yr 
lag (Pt − 3), while controlling for precipitation during other time periods 
as well as other climatic variables, including annual mean near-surface 
temperature (Tat) and total surface downwelling solar radiation (Radt). 
Specifically, the partial correlation coefficient between Pt − 1 and 
current-year productivity (y), ry,Pt − 1 |Pt ,Pt − 2 ,Pt − 3 ,Tat ,Radt

, was calculated as:

ry,Pt − 1 |Pt ,Pt − 2 ,Pt − 3 ,Tat ,Radt = corr(εy|Z, εPt − 1 |Z) (2)

where Z = {Pt,Pt − 2,Pt − 3,Tat,Radt}  represents the set of control vari
ables and the terms εy|Z  and εPt − 1 |Z  are the residuals from linear regres-
sions of y and Pt − 1, respectively, on the control variables Z. This 
formulation allows us to isolate the unique influence of Pt − 1 while 
removing the confounding effects of other climate factors. Tree-ring 
and remote sensing observational data were used in these analyses 
because of their extensive spatial coverage and long-term records.  
We then compared the frequencies of sites or grid cells exhibiting 
significant partial correlations across different lag periods. To further 
interpret these patterns, sites or grids with significant partial correla-
tions were categorized into four response types: (1) wet_increase—wet 
years followed by productivity increase (positive correlation);  
(2) dry_decline—dry years followed by productivity decline (positive 
correlation); (3) wet_decline—wet years followed by productivity 
decline (negative correlation); and (4) dry_increase—dry years followed 

by productivity increase (negative correlation). Wet/dry years and 
increase/decline in productivity were defined on the basis of annual 
anomalies of precipitation and productivity proxies (Fig. 1a), with  
an alternative ±1 s.d. threshold also tested (Supplementary Fig. 23). 
Before conducting partial correlation analysis, we removed the linear 
trends of plant productivity and climate variables to better isolate 
interannual variability.

To further quantify the LPE with 1-yr lag (Pt − 1), we applied ridge 
regression using the R package ridge72. Ridge regression incorporates 
an adaptive penalty parameter to mitigate multicollinearity among 
predictors, reducing the variance of regression coefficients and pro-
viding more stable estimates than ordinary least squares73. Predic-
tors included Pt − 1 and current-year climate variables (Pt, temperature, 
radiation, soil moisture, VPD and Ca). Before conducting ridge regres-
sion, all variables were detrended and standardized as z-scores74. The 
regression coefficient for Pt − 1 was interpreted as the lagged effect of 
preceding-year precipitation. We compared absolute ridge-regression 
sensitivities of Pt − 1 and Pt in regions where either predictor was sig-
nificant (P < 0.05), using this as an indicator of precipitation signal 
strength74 (Fig. 1b). Hierarchical partitioning method was used to 
attribute explained variance to Pt − 1 and Pt (ref. 75). The aridity index, 
defined as the ratio of precipitation to potential evapotranspiration76, 
was used to examine the spatial pattern of LPEs across gradients from 
drylands to humid regions.

Robustness test for estimating LPEs
To validate calendar-year analyses, we conducted additional test 
using growing-season data, defined as year-round for the tropics 
(23° S–23° N), April–October for the extratropical Northern Hemi-
sphere (23° N–90° N) and October–April for the extratropical Southern 
Hemisphere (23° S–90° S), following previous studies77,78. We also 
estimated LPEs at the biome level using spatial biome patterns from the 
Ecoregions 2017 dataset79. Besides, we assessed the effects of Pt − 1 and Pt 
on plant productivity after excluding wet and dry years—defined using 
±1, ±1.5 and ±2 s.d. thresholds—to examine the influence of climate 
extremes on LPEs. Beyond partial correlation and ridge regression, 
we used a nonlinear approach—GAMs—to further evaluate the roles of 
Pt − 1 and Pt in controlling plant productivity80. GAMs were implemented 
using the R package mgcv80, with hierarchical partitioning via the  
package gam.ph quantifying variance explained by Pt − 1 and Pt (ref. 81). 
Lastly, we incorporated the SPEI82, as an alternative water availability 
metric for precipitation, to strengthen analyses of LPE.

To examine whether the LPE is influenced by temporal auto
correlation of precipitation, we analysed the spatial relation-
ship between LPE and 1-yr lag precipitation autocorrelation using  
both site-level and satellite-derived data. Temporal autocorrelation 
was calculated with the R package tseries83. We found no clear ten-
dency of spatial pattern, as indicated by weak or neutral correlations 
(Supplementary Figs. 24 and 25). This result supports the robustness 
of LPE estimation, independent of current-year precipitation, and 
suggests that LPE is not confounded by temporal autocorrelation  
in precipitation.

The asymmetric (nonlinear) response of plant productivity to 
interannual precipitation variability has been proposed as a partial 
driver of interannual productivity variance6,32. To test whether LPE 
reflects or is influenced by such asymmetry, we also examined the 
spatial association between LPE and asymmetric responses at both site 
and global scales. Overall, we observed no dominant spatial relation-
ship (Supplementary Figs. 26 and 27), suggesting that LPE is relatively 
independent with nonlinear precipitation response. To quantify this 
asymmetry, we derived an asymmetry index (ASY) to represent the 
asymmetric response to precipitation based on the log-transformed 
response ratio (RR) of plant productivity proxies84,85, calculated as:

RR = ln(PPi/PPbase) (3)
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where PPi is the plant productivity in the ith year; PPbase is the mean 
annual plant productivity. Sensitivity of PP to percentage changes in 
precipitation (St) was computed as:

St = RR/ΔP (4)

where ΔP  is the percentage deviation from mean annual precipitation. 
The asymmetry index was defined as:

ASY = Stwet − Stdry (5)

where Stwet  and Stdry  are the absolute value of the mean sensitivity in 
wet and dry years (precipitation >1 s.d. above or below the mean, 
respectively). Years with ∆P < 1% were excluded to reduce bias from 
minor precipitation anomalies.

Spatial attribution analysis of LPEs
To identify the primary drivers of the spatial distribution of LPEs, we 
applied an explainable machine learning approach integrating the 
SHAP method, using results from tree-ring and VIsat analyses. The 
response variables were the sensitivity of plant productivity proxies to 
preceding-year precipitation. The predictors include multiple environ-
mental and biotic factors, which can be classified into three categories: 
(1) climate factors, encompassing aridity index76, ERA5-Land snowmelt 
and the mean values and trends of temperature, precipitation and 
shortwave radiation; (2) soil factors, comprising soil pH, clay con-
tent, nitrogen content, organic carbon content (SoilGrids v.2; ref. 86) 
and phosphorus content87; and (3) biotic factors including plant root 
depth88, plant species richness89, coefficient of variation of vegetation 
productivity, forest age90 and tree density91—the last two exclusive  
to the tree-ring analysis. Elevation92 was also included as a variable. 
Variable details are provided in Supplementary Table 1.

We built RF models with these factors as predictors and ridge- 
regression-derived LPE (P < 0.05) as the target variable. RF is a data- 
driven machine learning algorithm well-suited for analysing large 
datasets, as it can effectively handle complex relationships without 
imposing statistical assumptions on predictors or target variables93. To 
interpret the RF outcome, we applied SHAP to quantify each predictor 
marginal contribution to LPE, ranking variable importance by absolute 
mean SHAP values (absolute weighted average of marginal contribu-
tions)94. RF models were implemented using the R ranger package95, 
with SHAP values extracted via the treeshap package96.

We further compared ecosystem stability and soil nutrients 
between ecosystems with positive and negative LPEs from a spatial 
view. Plant species richness and temporal coefficient of variation of 
productivity served as indicators of ecosystem stability.

Mediating factors linking preceding-year precipitation to 
plant productivity
To examine mediators linking preceding-year precipitation to plant 
productivity, we conducted grid-level partial correlation analyses 
(P < 0.05) using the ensemble of VIsat, evaluating the roles of GUD, 
LAI97 and TWS (an observational proxy of soil moisture)98, while con-
trolling for climatic influences. GUD was estimated as the mean of 
two methods—dynamic-threshold approach99 and double-logistic 
function100,101—using GIMMS-3G+ NDVI to minimize methodological 
uncertainty. SEM was used to quantify direct and indirect pathways 
between preceding-year precipitation and VIsat, incorporating GUD, 
LAI and TWS as intermediaries. Grids were classified into two groups 
based on ridge-regression-derived LPEs: (1) those with significantly 
positive LPEs and (2) those with significantly negative LPEs (P < 0.05). 
For each group, we assessed three pathways—growing-season 
extension (via GUD), foliar expansion (via LAI) and enhanced water 
dynamics (via TWS)—linking preceding-year precipitation to VIsat.  
All variables were standardized and path coefficients were estimated 

via maximum-likelihood estimation using the R package lavaan102. Path 
effects were calculated as products of standardized coefficients along 
each pathway, with total effects derived by summing all relevant path 
contributions. Model fit was validated using a χ²-test (P > 0.05) and 
comparative fit index (>0.9), requiring both criteria for acceptance. 
Ensemble means from partial correlation and SEM analyses across 
eight VIsat products are reported. In addition, we investigated potential 
mechanisms by using partial correlation analyses within dynamic global 
vegetation models, incorporating key vegetation productivity-related 
variables such as LAI, carbon in roots, nitrogen uptake and net nitrogen 
mineralization. These model output variables allowed us to assess 
how vegetation functional traits and belowground dynamics mediate 
ecosystem responses to preceding-year precipitation.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
All data used in this study are freely available from the following 
sources: in situ raw tree-ring-width data are sourced from ITRDB 
(https://www1.ncdc.noaa.gov/pub/data/paleo/treering/measure-
ments). FLUXNET2015 GPP is available from https://fluxnet.org/data/
fluxnet2015-dataset. Grassland ANPP is available via Figshare at https://
doi.org/10.6084/m9.figshare.13020695.v1 (ref. 103) and https://doi.org/ 
10.5061/dryad.7sqv9s4vv (ref. 104). MODIS EVI and NDVI are avail-
able from https://lpdaac.usgs.gov/products/mod13c2v061/. GOSIF 
SIF is available from https://data.globalecology.unh.edu/data/
GOSIF_v2. CSIF SIF is available from https://doi.org/10.11888/Ecolo.
tpdc.271751. Ku VOD is available via Zenodo at https://zenodo.org/
records/2575599#.Y5nMg3ZBz9A (ref. 105). Merged-band (C, X, Ku) 
VOD is available from https://doi.org/10.48436/t74ty-tcx62 (ref. 106).  
GLASS GPP is available from http://www.glass.umd.edu/Down-
load.html. GOSIF GPP is available from https://data.globalecology.
unh.edu/data/GOSIF-GPP_v2. MUSES GPP is available from https://
zenodo.org/records/3996814 (ref. 107). MODIS-algorithm GPP is 
available from https://doi.org/10.1038/nclimate2879. TL-LUE GPP 
is available via Dryad at https://doi.org/10.5061/dryad.dfn2z352k  
(ref. 108). PML GPP is available via Figshare at https://doi.org/10.6084/
m9.figshare.14185739.v4 (ref. 60). LRF GPP is available from https://doi.
org/10.17894/ucph.b2d7ebfb-c69c-4c97-bee7-562edde5ce66. MF-CW 
GPP is available from https://globalecology.unh.edu/data/MF-CW.
html. ERA5-Land data are available from https://doi.org/10.24381/
cds.e2161bac. MSWX climate data are available from https://www.
gloh2o.org/mswx. MSWEP precipitation is available from https://www.
gloh2o.org/mswep. CRU precipitation available from https://data.
ceda.ac.uk/badc/cru/data/cru_ts/cru_ts_4.08/data. CPC precipitation 
is available from https://psl.noaa.gov/data/gridded/data.cpc.global-
precip.html. GPCC precipitation is available from https://doi.org/ 
10.5676/DWD_GPCC/FD_M_V2022_050. Aridity index is available 
via Figshare at https://doi.org/10.6084/m9.figshare.7504448.v5  
(ref. 109). GLEAM soil moisture is available from https://www.gleam.eu.  
Atmospheric CO2 concentration is available from https://gml.noaa.
gov/ccgg/trends. Terrestrial water storage is available via Figshare 
at https://doi.org/10.6084/m9.figshare.7670849 (ref. 110). SoilGrids 
data are available from https://www.isric.org/explore/soilgrids. Soil 
phosphorus concentration is available via Figshare at https://doi.org/ 
10.6084/m9.figshare.14241854 (ref. 111). GTOPO30 elevation is avail-
able from https://doi.org/10.5066/F7DF6PQS. GIMMS LAI 4 g is avail-
able via Zenodo at https://doi.org/10.5281/zenodo.7649107 (ref. 112).  
Plant species richness is available from https://doi.org/10.7910/DVN/
PDNWKL. Maximum root depth is available from https://doi.org/ 
10.1073/pnas.1712381114. Forest age is available from https://doi.org/ 
10.17871/ForestAgeBGI.2021. Tree density is available from https://
elischolar.library.yale.edu/yale_fes_data/1/. Biome type is available 
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from https://ecoregions.appspot.com. The field RWI, BAI and related 
climate data are also available via Zenodo at https://doi.org/10.5281/
zenodo.15313896 (ref. 113). Source data are provided with this paper.

Code availability
All data analyses were performed using R (v.4.4.2). The code is avail-
able via Zenodo at https://doi.org/10.5281/zenodo.15313896 (ref. 113).
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