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Abstract. El Niño–Southern Oscillation (ENSO) drives year-to-year variability in the land carbon sink. While responses of

land carbon uptake to ENSO have been documented at aggregated continental scales over North America, these responses

arise from ENSO’s climate impacts that vary across subcontinental regions. Disentangling diverse regional responses

is crucial for attributing ENSO’s impacts on carbon uptake to climatic drivers. Here, we characterize ENSO-driven

carbon–climate interactions across North America, a data-rich continent with prominent responses to ENSO, by leveraging5

fine-resolution (1◦ × 1◦) top-down estimates of land carbon fluxes derived from tall-tower atmospheric CO2 observations

and spaceborne chlorophyll fluorescence measurements. We identify regions with distinct ENSO responses in the timing,

direction, and magnitude of carbon uptake anomalies. Notably, regions where El Niño boosts carbon uptake, including the

Pacific–Mountainous West and subtropical lands, are consistent with ENSO-driven shifts in the position of the subtropical

jet. We further uncover contrasting patterns in how energy and water limitations mediate ENSO’s impacts on carbon10

uptake across regions. These findings reveal key regional mechanisms connecting ENSO-driven climate variability with

continental-scale carbon uptake responses and highlight the need to reassess tropical carbon–climate feedbacks in light of

compensatory extratropical responses.

1 Introduction

El Niño–Southern Oscillation (ENSO) has far-reaching impacts on the global carbon cycle beyond the equatorial Pacific15

where it originates (Bacastow, 1976; Keeling et al., 1995; Jones et al., 2001; Fang et al., 2017; Liu et al., 2017; Bastos et al.,

2018; Betts et al., 2020; Liu et al., 2024). El Niño, the warm phase of ENSO, leads to widespread warm and dry anomalies

over the tropics (Trenberth et al., 1998), which suppress photosynthesis in the Amazon rainforest (Liu et al., 2017; Luo

et al., 2018; Koren et al., 2018; Chen et al., 2024), amplify respiratory release of carbon in the African rainforest (Liu

et al., 2017), and spark peatland fires in Indonesia and forest fires in the Amazon (Page et al., 2002; Chen et al., 2017).20

These planetary-scale impacts of ENSO on the terrestrial carbon cycle give rise to a striking relationship between tropical
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temperatures and atmospheric CO2 growth rates (Jones and Cox, 2005; Cox et al., 2013; Wang et al., 2013, 2014), which

has been used to constrain the sensitivity of tropical land carbon stocks to warming (Cox et al., 2013). Notably, extreme El

Niño events markedly intensify the carbon cycle’s sensitivity to tropical temperature anomalies (Li et al., 2024), fueling

new interest in ENSO’s carbon cycle impacts.25

Less well understood are ENSO’s impacts on the carbon cycle in extratropical lands, which have recently been shown

to be globally significant (Hu et al., 2019; Liu et al., 2024). Contrary to tropical responses, for example, North America

shows enhanced terrestrial net carbon uptake during El Niño (Hu et al., 2019), with an ENSO composite anomaly (El

Niño − La Niña; ∼0.7 PgCyr−1) comparable to the reduction of net carbon uptake over the Amazon (0.9 PgCyr−1) (Liu

et al., 2017). How this unexpectedly strong response of the North American land carbon sink arises from ENSO’s climate30

impacts remains underexplored.

ENSO shapes North American climate variability by modulating large-scale pressure anomalies and the jet stream’s

position over the Pacific–North American sector (Bjerknes, 1969; Horel and Wallace, 1981; Held et al., 1989; Trenberth

et al., 1998; Seager et al., 2005). During El Niño, the Pacific subtropical jet typically shifts southward and extends eastward

to the North American continent, enhancing the positive phase of the Pacific–North American pattern with stronger35

Aleutian Low and Canadian High. This pattern is typically associated with warmer conditions in northwestern North

America, drier conditions in the Midwest, and wetter conditions from southern California to Florida in winter (Trenberth

et al., 1998; Deser et al., 2018). Conversely, during La Niña, the Pacific jet stream shifts poleward, enhancing the blocking

North Pacific High and leading to a more meandering polar jet stream. This pattern usually leads to colder and wetter

conditions in midlatitude North America and drier conditions in subtropical North America in winter.40

These ENSO-driven climate anomalies lead to cascading impacts on the North American carbon cycle, as illustrated by

remotely sensed vegetation indicators (Bastos et al., 2013; Dannenberg et al., 2015, 2018; Luo et al., 2018; Zhang et al.,

2019b; Du et al., 2021; Dannenberg and Johnston, 2023) and top-down carbon flux estimates (Rödenbeck et al., 2018; Hu

et al., 2019; Liu et al., 2024). El Niño is generally associated with increased photosynthesis and net primary productivity

relative to La Niña in southeastern temperate forests, subtropical drylands, and western North America (Bastos et al., 2013;45

Parazoo et al., 2015; Luo et al., 2018; Zhang et al., 2019b); however, the exact patterns may differ between El Niño types

(Dannenberg and Johnston, 2023). El Niño also advances and prolongs the growing season in western North American

biomes (Dannenberg et al., 2015, 2018; Dannenberg and Johnston, 2023). While there is limited understanding of ENSO

impacts on respiration, terrestrial biosphere models suggest partial compensation between respiration and photosynthesis

in response to ENSO based on predicted weaker responses in net carbon uptake than in photosynthesis (Parazoo et al.,50

2015; Dannenberg et al., 2021). In the absence of unprecedented large fires (e.g., the 2023 Canadian wildfire; Byrne

et al., 2024), ENSO impacts on North American fire emissions are insignificant relative to impacts on photosynthesis and

respiration, even for extreme El Niño events, such as the 1997 and 2015 El Niño (van der Werf et al., 2004; Burton et al.,

2020). Combined, these responses translate to increased net carbon uptake over most of western North America during El

Niño (Rödenbeck et al., 2018; Hu et al., 2019). A distinct feature of the North American carbon cycle’s response to climate55
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variability is a contrast between the humid east and arid west (Qian et al., 2008; Byrne et al., 2020), which was observed in

the 2021 La Niña response (Liu et al., 2024).

Despite the notion that El Niño boosts the integrated North American land carbon sink and previous insights into certain

regional responses, we lack a coherent understanding of the responses of North American land carbon uptake to ENSO,

particularly concerning how these responses arise from ENSO’s climate impacts, which vary across North American60

regions. Moreover, most prior studies have relied on remotely sensed vegetation indices and gross or net productivity

estimated from them, which are not direct measures of net carbon balance. The few studies that have leveraged atmospheric

CO2 concentration observations to constrain carbon flux variability resulting from ENSO (Rödenbeck et al., 2018; Hu et al.,

2019; Liu et al., 2024) have focused primarily on net continental-scale impacts. Given the diverse, region-specific impacts

of ENSO on North American climate (Trenberth et al., 1998; Deser et al., 2018), we anticipate diverse, region-specific65

responses in net carbon uptake as well. Specifically, we hypothesize that El Niño leads to enhanced net carbon uptake in

western and subtropical North America based on known ENSO-led hydroclimatic anomalies in these regions (Kurtzman

and Scanlon, 2007; Deser et al., 2018).

Here, we use constraints provided by atmospheric CO2 concentration measurements to advance an observationally-

informed understanding of ENSO impacts on North American land carbon uptake. This “top-down” view also complements70

earlier “bottom-up” studies that leverage mechanistic understanding of underlying processes but are not informed by

empirical constraints at regional scales. Specifically, we map ENSO impacts on North American land carbon uptake at fine

regional scales by identifying regions sensitive to ENSO influences, examining the timing, direction, and magnitude of

region-specific ENSO impacts, and attributing these impacts to specific climate anomalies. To do so, we use 96,000 CO2

observations from 61 towers across North America (Fig. S1 and Table S1 in the Supplement) to derive geostatistical inverse75

model estimates of North American land carbon uptake at 1◦ × 1◦ spatial and three-hourly temporal resolution during

2007–2015 and aggregate them a posteriori to monthly estimates. We leverage remotely sensed solar-induced chlorophyll

fluorescence (SIF), a key indicator of the space-time patterns of photosynthesis (Frankenberg et al., 2011; Joiner et al.,

2011, 2013; Guanter et al., 2014; Sun et al., 2017; Porcar-Castell et al., 2021), and reanalysis climate drivers to explain a

portion of the space-time variability in CO2 observations. This approach obviates the need for prior flux estimates from80

specific bottom-up models and therefore avoids the risk of prescribing the assumptions or parameterizations inherent to

a certain terrestrial biosphere model. Using a clustering approach, we then identify regions where net carbon uptake

shows a robust and coherent response to ENSO and examine regional responses in relation to ENSO phases. Next, we

use generalized linear models and statistical model selection to attribute net carbon uptake anomalies to ENSO-related

local climate anomalies for each region. We glean from these results an understanding of how ENSO-driven circulation85

changes, terrestrial aridity gradients, and local climate variability give rise to contrasting responses of net carbon uptake to

ENSO across regions in North America.
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2 Methods

2.1 Atmospheric CO2 observations

We obtain in situ measurements of atmospheric CO2 mixing ratios from the ObsPack CO2 GLOBALVIEWplus v3.290

data product provided by the National Oceanic and Atmospheric Administration (NOAA) Global Monitoring Laboratory

(Masarie et al., 2014; Cooperative Global Atmospheric Data Integration Project, 2017). From 61 non-urban continuous-

monitoring stations across North America (Fig. S1 and Table S1), we extract ∼96,000 three-hourly averaged mid-afternoon

CO2 measurements (Table S2) following established data filtering practices in regional inverse modeling (Göckede et al.,

2010; Gourdji et al., 2012; Fang and Michalak, 2015; Shiga et al., 2018b; Sun et al., 2021). The use of mid-afternoon CO295

observations helps reduce transport errors as the boundary layer is usually well mixed during this time of the day. The

filtering eliminates data that do not represent mesoscale flux variability by removing outliers, low-quality data (according

to ObsPack quality flags), data that exceed background values by more than 30 ppm, ocean-influenced data, and data

potentially affected by transport issues (Fang et al., 2014; Shiga et al., 2018b; Sun et al., 2021). To calculate biospheric CO2

drawdowns or enhancements for inverse modeling, we subtract background values derived from interpolating marine100

boundary layer and free troposphere observations (same as the empirical background method in Hu et al., 2019) and

also fossil fuel enhancements estimated from the Fossil Fuel Data Assimilation System (FFDAS) v2 emission inventory

(Asefi-Najafabady et al., 2014). Overall, CO2 data processing is consistent with Shiga et al. (2018b) and Sun et al. (2021).

2.2 Atmospheric transport

We use transport footprints from high-resolution Weather Research and Forecasting–Stochastic Time-Inverted Lagrangian105

Transport (WRF–STILT) model runs (10 km for temperate North America and 40 km for tropical and boreal North

America) produced by the CarbonTracker-Lagrange project (https://gml.noaa.gov/ccgg/carbontracker-lagrange/) (Hu

et al., 2019) to link observed CO2 drawdowns or enhancements with surface fluxes in upwind regions (Lin et al., 2003;

Skamarock and Klemp, 2008; Nehrkorn et al., 2010). The transport footprints are aggregated at 1◦ × 1◦ spatial resolution

and three-hourly temporal resolution for inverse model estimation of fluxes. Mean transport errors associated with the110

WRF–STILT footprints have been shown to be no greater than 0.15 ppm for CO2, comparable to in situ measurement

uncertainty (Rastogi et al., 2021).

2.3 Explanatory variables for inverse flux estimation

We use remotely sensed solar-induced chlorophyll fluorescence (SIF) and reanalysis climate drivers as covariates to explain

a portion of the space-time variability in net carbon fluxes (Shiga et al., 2018b). Contiguous 15- or 16-day composite115

SIF maps are obtained from spatiotemporal kriging (Tadić et al., 2017) of Level 2 daily SIF estimates (v26) from the

Global Ozone Monitoring Experiment 2 (GOME-2) instrument onboard the MetOp-A satellite (Joiner et al., 2013). In

addition, we select a parsimonious set of monthly climate variables (see Sect. 2.4 Geostatistical inverse modeling) from the
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North American Regional Reanalysis (NARR) (Mesinger et al., 2006) to explain an additional portion of variability in

net carbon fluxes. NARR variables considered in the model selection include accumulated precipitation (kgm−2), canopy120

conductance (m s−1), downward shortwave radiation (Wm−2), evapotranspiration (kgm−2), potential evapotranspiration

(kgm−2), precipitation rate (kgm−2 s−1), relative humidity (%), specific humidity (kg kg−1), air temperature at 2 m (K),

snow cover (%), snow depth (m), and soil moisture (kgm−2). All variables are regridded to 1◦ × 1◦ spatial resolution and

repopulated at three-hourly temporal resolution to be compatible with transport footprints. We apply piecewise constant

interpolation (monthly for climate drivers and every 15 or 16 days for SIF) in the temporal domain to avoid imposing an125

excessive constraint on sub-monthly variability in fluxes (Sun et al., 2021).

2.4 Geostatistical inverse modeling

We use geostatistical inverse modeling (GIM) to infer net biome exchange of CO2 from atmospheric CO2 concentration

observations. Compared with typical Bayesian inversions that rely on prior information of flux estimates, the GIM approach

is more directly informed by observations because it leverages a set of covariates to explain a portion of the variability in130

fluxes and an error covariance model to characterize deviation from the deterministic trend explained by these covariates

(Michalak et al., 2004; Gourdji et al., 2010). Because GIM does not rely on explicit prior flux estimates from specific

terrestrial biosphere models, it avoids the use of assumptions and parameterizations that vary across terrestrial biosphere

models and that could bias posterior estimates. The approach follows established practices (Gourdji et al., 2012; Miller et al.,

2018; Shiga et al., 2018b) and is briefly described here. More implementation details are given in Appendix A.135

First, we use the Schwarz Bayesian information criterion (Schwarz, 1978) to select a parsimonious set of explanatory

variables to capture observed variability in biospheric CO2 drawdowns or enhancements (Gourdji et al., 2012; Miller et al.,

2018; Shiga et al., 2018b). The explanatory variables selected in this step are kriged GOME-2A SIF (mWm−2 nm−1 sr−1),

specific humidity (kg kg−1), and the precipitation rate (kgm−2 s−1). See Table S3 for the estimated coefficients of the

selected explanatory variables.140

Second, we fit parameters that define the model–data mismatch covariance matrix (R) and the prior flux covariance

matrix (Q). We assume that model–data mismatch errors are uncorrelated across 61 CO2 monitoring sites and in time,

which means that the model–data mismatch covariance matrix (R) is diagonal (Mueller et al., 2008; Gourdji et al., 2010).

The prior flux covariance matrix (Q) characterizes the spatiotemporal autocorrelation in the stochastic component of the

fluxes and is represented using an isotropic exponential decay covariance function (Michalak et al., 2004; Gourdji et al.,145

2010); see Appendix A for a detailed description and Tables S4–S6 for optimized parameters.

With the covariance matrices (Q and R) specified, we solve for the posterior estimates of the fluxes from the geostatistical

inverse linear system of equations (Michalak et al., 2004; Yadav and Michalak, 2013) at three-hourly temporal resolution.

We then aggregate the flux estimates monthly. See Fig. S2 for the mean seasonal cycle of flux patterns during the study

period (2007–2015) and Fig. S3 for a summary of posterior uncertainties in monthly flux estimates. Finally, we subtract150

mean seasonal patterns of NBP (Fig. S2) from the original NBP estimates to obtain NBP anomalies.
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In setting up the flux inversion, we did not pre-subtract influences from fire emissions following Hu et al. (2019).

Instead, we filtered data for which the enhancement is more than 30 ppm above the background to mitigate near-field

fire influences. As a result of this setup, the carbon flux estimates we obtain here fit the definition of net biome exchange

(NBE), but differ from net ecosystem exchange (NEE) that excludes fire influences (Chapin et al., 2006; Hu et al., 2019;155

Byrne et al., 2023). See Fig. S4 for an examination of ENSO impacts on anomalies in North American fire emissions. For a

comparison of net carbon uptake anomalies between our geostatistical inverse estimates and the CarbonTracker-Lagrange

inverse estimates (Hu et al., 2019), see Fig. S5.

2.5 Carbon flux estimates from terrestrial biosphere models and an upscaled data product

For comparison, we also use the ensemble mean of 16 terrestrial biosphere models from the “Trends and drivers of the160

regional scale terrestrial sources and sinks of carbon dioxide” project version 11 (TRENDY v11) (Sitch et al., 2015, 2024;

Friedlingstein et al., 2022) to examine how well terrestrial biosphere models represent ENSO impacts on carbon flux

patterns. See Table S7 for a list of TRENDY v11 models. We use model simulations in the S3 scenario, which is forced by

time-varying drivers of climate (CRUJRA v2.3) (Harris, 2022), CO2, and land use as described in Sitch et al. (2024). All

model output was harmonized at monthly temporal resolution and 1 ◦ × 1 ◦ spatial resolution. Similarly, NBP anomalies165

were calculated from the FLUXCOM-X-BASE upscaled net ecosystem exchange (NEE) product (Nelson et al., 2024) and

aggregated over the same North American domain.

2.6 ENSO indices and phase classification

We use a suite of ENSO indices to identify robust spatial patterns of the correlation between ENSO and NBP anomalies.

The primary ENSO index we use is the Oceanic Niño Index (ONI) provided by the NOAA National Weather Service170

Climate Prediction Center (2024a). ONI represents the three-month running mean of sea surface temperature (SST)

anomalies from the ERSST V5 reanalysis (Huang et al., 2017a, b) in the Niño 3.4 region (5 ◦N to 5 ◦S, 120 ◦W to 170 ◦W)

relative to a rolling 30-year base period updated every five years (Lindsey, 2013). ONI values in the study period 2007–

2015 are based on the 1991–2020 climatology. For comparison, we also use monthly Niño 3.4 SST anomalies from the

HadISST v1.1 reanalysis (Rayner et al., 2003), and Southern Oscillation Index (SOI) from the University of East Anglia175

Climatic Research Unit (Ropelewski and Jones, 1987), both relative to the base period of 1981–2010. In addition, we use

the Multivariate ENSO Index v2 (MEI v2) (Wolter and Timlin, 1993; Zhang et al., 2019a), which is based on the leading

principal component time series of the standardized anomalies of sea level pressure, SST, and surface zonal and meridional

winds, from JRA-55 reanalysis (Kobayashi et al., 2015), and outgoing longwave radiation (OLR), from NOAA Climate

Data Records OLR v2.7 (Lee et al., 2018) during 1979–2018. These four ENSO indices—ONI, Niño 3.4 (HadISST), SOI,180

and MEI v2—are used to ensure consistency in the correlation patterns between ENSO and NBP anomalies.

We define ENSO phases based on ONI thresholds: El Niño is defined as ONI ≥ 0.5 ◦C and La Niña is defined as ONI

≤ −0.5 ◦C (McPhaden et al., 2006). Neutral conditions are defined by −0.5 ◦C < ONI < 0.5 ◦C. Different ENSO indices

are generally consistent in the major El Niño/La Niña events identified during the study period (Fig. S6).
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As the Pacific–North American (PNA) pattern and the North Atlantic Oscillation (NAO) may interact with ENSO, we185

also use the PNA pattern index and the NAO index from the NOAA National Weather Service Climate Prediction Center

(2024b) to examine their influences on North American terrestrial carbon uptake (Fig. S7).

2.7 Identification of ENSO-sensitive regions

We identify ENSO-sensitive regions based on the direction and statistical significance of lagged correlations between

NBP anomalies and ENSO indices.190

We first evaluate the spatial correlation patterns between NBP anomalies and four ENSO indices. We calculate the time

lag that maximizes the absolute value of the cross-correlation between ENSO indices and NBP anomalies in each grid cell

(Fig. S8) as well as the cross-correlation based on this optimal time lag (Fig. S9), for each of the four ENSO indices. In

doing so, we assume that North American NBP anomalies are always synchronous to or lag behind ENSO indices due

to the nature of atmospheric teleconnections (that is, the cause must exist prior to its effect) and that the time lag under195

consideration is between 0–11 months, i.e., less than one year.

We then filter grid cells for the strength of observational constraint and for consistency and robustness of the responses

of NBP anomalies to ENSO (Fig. S10). We limit the analysis to the 80 % of grid cells to which the sensitivity of CO2

observations to surface fluxes is strongest (Figs. S1 and S10a) to avoid interpreting fluxes and clusters in the least well

constrained regions of the continent. For a grid cell to show a consistent response across four ENSO indices, we require200

that the optimal lagged correlations between NBP anomalies and MEI v2, Niño 3.4 (HadISST), and ONI (ERSSTv5) have

the same sign and that this sign is opposite to that of the optimal lagged correlation between NBP anomalies and SOI

(Fig. S10c), as SOI is defined with an opposite sign compared with other ENSO indices used here (Fig. S6). For robustness,

we require that all optimal lagged correlations for a grid cell to be significant at 𝑝 < 0.05 level (Fig. S10b).

We then use agglomerative clustering to organize the grid cells that meet observational representativeness, consistency,205

and robustness criteria (Fig. S10d) into geographically coherent clusters. To do so, we define a distance metric that combines

both distances in space and time. For any pair of grid cells, the distance in space is defined as the orthodromic (great-circle)

distance, bound between 0 and 𝜋 , and the distance in time is defined as the sum of absolute differences between their

time lags for each ENSO index. Given that the spatial domain is limited to North America (i.e., the orthodromic distance

between two grid cells is typically much lower than 𝜋), we used a weight of two for the orthodromic distance in the210

combined distance in order to balance temporal and spatial terms and to suppress spatially highly discontinuous clusters.

Grid cells are clustered based on the distance matrix using the agglomerative clustering function provided by Scikit-learn

v1.4.2 (Pedregosa et al., 2011), using the average linkage function. To ensure that a region does not mix up grid cells

that show ENSO responses in different directions, we separately cluster grid cells with positive and negative correlations

between NBP anomalies and ONI (Fig. S10d). The number of clusters is adjusted to capture spatially distinct clusters215

with positive and negative NBP responses (Fig. S11). For interpretation, we name the identified ENSO-sensitive regions

according to the major geographic regions they contain and their spatial centroids, though some clusters may include
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a small number of discontiguous grid cells with similar responses on the periphery of the cluster core, as the clustering

approach is data-driven and region-agnostic.

2.8 ENSO composite differences220

We evaluate ENSO composite differences, i.e., differences between El Niño and La Niña mean anomalies, at the grid cell

level and for the identified ENSO-sensitive clusters following established practices (Deser et al., 2018) and with time lags

considered. We also use a two-sided Welch’s 𝑡-test to test the significance of ENSO composite differences.

2.9 Attribution of influences of local climate anomalies on carbon uptake anomalies

We investigate how net carbon uptake (i.e., NBP) anomalies in each ENSO-sensitive region are regulated by ENSO-driven225

anomalies in a set of potential climate drivers (Fang and Michalak, 2015). These climate variables include air temperature,

shortwave radiation, precipitation rate, VPD, and soil moisture from the NARR data (Mesinger et al., 2006). We calculate

the anomalies of these variables by subtracting mean seasonal cycles during 2007–2015 and convert them into 𝑍-scores for

the attribution.

We use the Schwarz Bayesian information criterion (Schwarz, 1978) to select among both synchronous and lagged230

relationships between local climate anomalies and NBP anomalies, with local climate anomalies leading NBP anomalies by

up to three months. Although precipitation and specific humidity (which correlates with VPD) have already been used as

covariates for the deterministic component of the GIM posterior flux estimates, these estimates also have a spatiotemporally

correlated stochastic component constrained by atmospheric CO2 observations (Michalak et al., 2004). Given that these

observations provide sufficient constraint over temperate North America (Fig. S1) and that SIF, not precipitation or specific235

humidity, dominates the explained CO2 variability (Shiga et al., 2018b), it is unlikely for NBP anomalies to be overly

constrained by the covariates selected for the deterministic component of GIM. We also consider temporal autocorrelation

in NBP anomalies with a lag between one and three months. We perform variable selection by fitting a generalized linear

model using the “gamlss” package in R (Rigby and Stasinopoulos, 2005) and minimizing the Schwarz Bayesian information

criterion. To avoid overfitting, we allow each climate anomaly to occur no more than once in the model regardless of its240

time lag (0–3 months). Moreover, we only allow combinations of climate anomalies that do not exhibit strong collinearity.

This is achieved by dropping any model with a term associated with a variance inflation factor greater than five (Table S8).

Throughout all temperate ENSO-sensitive regions, we find that a 𝑡-distribution best represents the conditional distribution

of NBP anomalies. Model validation is done by examining normalized quantile residuals. We assess the relative importance

of selected variables by ranking the absolute values of standardized coefficients for 𝑍-scored climate anomalies. See Table245

S8 for the selected variables and standardized coefficients for each region.

We also test the robustness of selected explanatory variables by examining standardized coefficients from models that use

only a subset of explanatory variables from the selected model. An explanatory variable has an uncertain influence on

NBP anomalies, if its standardized coefficients change sign among these submodels tested. See Table S9 for the identified

explanatory variables with uncertain influences.250
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For a subset of ENSO-sensitive regions that show inconsistent responses between local climate anomalies and NBP

anomalies, we further examine seasonal influences of local climate anomalies on NBP anomalies by redoing the attribution

for early (winter and spring, or December–May) and late seasons (summer and fall, or June–November). Standardized

coefficients from this attribution analysis are shown in Table S10.

2.10 Identification of jet stream locations255

We use the Manney et al. (2011) algorithm implemented in the Python package “jsmetrics” v0.2.7 (Keel et al., 2024; Keel,

2024) to identify latitudes of jet stream cores from daily NARR zonal and meridional winds at the 200 hPa pressure level

(cf. Shaw and Miyawaki, 2023). We regrid NARR wind data to 1◦ × 1◦ spatial resolution, consistent with carbon flux

estimates, before running the jet core identification algorithm. We focus on winter months (December, January, and

February) when the Pacific jet stream is stronger than in other seasons. After identifying daily jet core locations, we260

pool together El Niño winters (2010 and 2015, including Decembers in previous years) and La Niña winters (2008, 2009,

2011, and 2012) to derive median latitudinal positions of the Pacific jet stream during El Niño and La Niña winters. For

visualization purposes, the median latitudinal positions of the jet stream are smoothed using a Savitzky–Golay filter with

an 11◦ longitudinal window to suppress smaller-scale variability.

3 Results265

3.1 Spatial patterns of lagged ENSO impacts on regional net carbon uptake anomalies

While El Niño enhances the integrated North American carbon sink (Hu et al., 2019), we find a diversity of responses in

terms of timing, magnitude, and direction across regions (Fig. 1). Results show that ENSO leads to lagged responses of

net carbon uptake (i.e., NBP) anomalies that vary substantially across regions (Fig. 1a). The lagged impact is expected

because ENSO elicits lagged responses in atmospheric circulation (Kumar and Hoerling, 2003; Su et al., 2005) and peak270

ENSO (boreal winter) precedes the North American growing season. Indeed, we find that NBP anomalies on the Pacific

coast of North America and in the southeastern US generally lag ENSO indices by one season (Fig. 1a and Fig. S8). In

contrast, NBP anomalies in central south and mid-continental regions lag ENSO indices by half a year or more (Fig. 1a

and Fig. S8). These differences in the lag between NBP anomalies and ENSO (Fig. 1a) result from diverse teleconnected

ENSO impacts on regional climate anomalies (Fig. S12). For example, temperature anomalies on the Pacific coast show a275

similar delay in response (0–2 months; Fig. S12a) to ENSO as do NBP anomalies there (Fig. 1a), whereas temperature

anomalies (Fig. S12a) and NBP anomalies (Fig. 1a) in subtropical regions both lag behind ENSO by more than six months.

Different peak carbon uptake months between the Pacific coast and southwestern North America (May) and other regions

(June and July) also contribute to observed differences in lagged responses to ENSO (Fig. S13).
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Figure 1. Spatial patterns of the lagged response of North American biospheric carbon uptake to ENSO. (a) Time lags between the

anomaly in net carbon uptake (i.e., net biome productivity) and the Oceanic Niño Index (ONI) in months that maximize the absolute

values of cross-correlations (Sect. 2.7). Stippled areas are regions where time lags are not robustly specified, i.e., where the time lag

envelope for Δ𝑟 = 0.05 deviation from the maximum absolute correlation is greater than four months. See also Fig. S8 for the time lag

patterns for different ENSO indices. (b) Maximum lagged cross-correlations between net carbon uptake anomaly and the ONI. (c)

Lagged mean differences between net carbon uptake anomalies associated with El Niño and La Niña phases, with the same time lags as in

(a). Stippling in (b) and (c) indicates areas where the correlation or the difference (based on a two-sided Welch’s 𝑡-test) is not statistically

significant at 𝑝 < 0.05 level. (d) Regions sensitive to ENSO influences, identified from a clustering analysis based on the consistency of

time lags among the ONI, Niño 3.4 Index, Multivariate ENSO Index, and Southern Oscillation Index and the statistical significance of

corresponding lagged correlations (Sect. 2.7). Red dashed lines encompass grid cells of which the mean footprint sensitivity during

2007–2015 (Fig. S1) is among the top 80 % over North America. Grid cells with footprint sensitivity that falls in the bottom 20 % are

excluded from the ENSO-sensitive regions for robustness. Also shown are median positions of the Pacific jet stream at 200 hPa in El

Niño (dark red line with arrows) and La Niña winters (dark blue line with arrows), i.e., December–February, during 2007–2015.
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Although the majority of North America (Fig. S14) shows a positive lagged correlation between NBP anomalies and

the ONI, that is, positive NBP anomalies (enhanced net carbon uptake) associated with El Niño, regional responses295

differ substantially (Fig. 1b). Notably, the Pacific coast, the southern Great Plains, and the Gulf Coast show the strongest

positive correlations (Fig. 1b), and these correlations are statistically significant (𝑝 < 0.05). In contrast, northern Rocky

Mountains, the Midwest, and Arctic tundra show negative and statistically significant correlations between NBP anomalies

and the ONI (Fig. 1b), that is, negative NBP anomalies (reduced net carbon uptake) associated with El Niño. Most of the

mid-continental regions do not show statistically significant correlations between NBP anomalies and the ONI, except300

part of the upper Midwest near the Great Lakes (Fig. 1b). These correlation patterns are broadly consistent across different

ENSO indices (Fig. S9).

While the influence of ENSO on North American biome carbon uptake is widespread (Fig. 1b), the magnitude of

these influences, defined by the mean difference in NBP anomaly between El Niño and La Niña-influenced periods

(Sect. 2.8), is stronger in temperate than in boreal regions (Fig. 1c), consistent with previous studies (Hu et al., 2019; Liu305

et al., 2024). Furthermore, we find that ENSO’s influences on net carbon uptake (El Niño minus La Niña; Fig. 1c) are

stronger in regions where El Niño is associated with enhanced NBP (positive correlations in Fig. 1b) than in regions

showing the opposite response (negative correlations in Fig. 1b; see also Fig. S15). When aggregated over North America,

these contrasting regional responses give rise to the overall increase (decrease) of the North American terrestrial carbon sink

associated with El Niño (La Niña) (Fig. 2); this response is robust to the posterior uncertainty of the inversion (Fig. S17).310

Although other Northern Hemisphere climate oscillations including the PNA pattern and the NAO may interact with

ENSO in regulating phenology (Dannenberg et al., 2018) or regional carbon uptake (Parazoo et al., 2015), their influences

on continental-scale carbon balance are not as prominent as ENSO (Fig. S7 and Table S11).

Interestingly, we identify distinct spatially-contiguous ENSO-sensitive regions (Fig. 1d) with consistent time lags

(Fig. S8) and directions of response (Fig. S9) across multiple ENSO indices (Sect. 2.7). Note that these regions emerge315

directly from ENSO response patterns without being preconditioned upon specific biome or land use types (see Fig. S18

for biome fractions within each identified ENSO-sensitive region). In the following analyses, we focus on ENSO-sensitive

regions in temperate North America, where space-time patterns of NBP are better constrained by available atmospheric

CO2 observations (Fig. S1). Within temperate North America, we identify three distinct regions where El Niño promotes

net carbon uptake, namely the Pacific–Mountainous West (most of Oregon, southwestern Idaho, and northern California320

and Nevada), southern Great Plains, and central Gulf Coast (including part of the lower Mississippi River basin), spread

across the prevalent path of the subtropical jet stream (Fig. 1d). These regions also overlap with some known hotspots

of ENSO-driven hydroclimate impacts over North America (Trenberth et al., 1998; L’Heureux et al., 2015). We also

identify three regions where El Niño is associated with reduced net carbon uptake, namely parts of the upper Midwest,

the northern Rockies (including a western portion of the Canadian Prairies), and southern Appalachia (Fig. 1d). The latter325

group of ENSO-sensitive regions are less spatially contiguous than the regions showing enhanced uptake during El Niño.
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Figure 2. Terrestrial biosphere models and upscaled flux data do not capture ENSO-driven anomalies in the North American biospheric

carbon sink during 2007–2015. (a) Monthly Oceanic Niño Index (ONI), with El Niño events labeled in red and La Niña events in blue.

Thresholds for El Niño (+0.5◦C) and La Niña (−0.5◦C) are denoted in dotted red and blue lines, respectively. (b) Monthly anomalies in

net biome carbon uptake over North America from geostatistical inverse estimates in this study (empty circles and black line), from the

mean of 16 terrestrial biosphere models (TBMs) in the TRENDY v11 ensemble (Friedlingstein et al., 2022) (purple), with light purple

shading indicating ±1 standard deviation across TBMs (see Table S7 for the list of TBMs), and from the FLUXCOM-X-BASE machine

learning model (Nelson et al., 2024) (green dashed line). A positive (negative) anomaly indicates enhanced (suppressed) net carbon

uptake by the biosphere. El Niño and La Niña periods are marked by light red and light blue shadings, respectively. Monthly net carbon

uptake anomalies based on geostatistical inverse estimates are positively and significantly correlated with the ONI (𝑟 = 0.21 and 𝑝 = 0.03),

whereas net carbon uptake anomalies from the TRENDY v11 ensemble mean (𝑟 = 0.08 and 𝑝 = 0.42) or FLUXCOM-X-BASE (𝑟 = 0.06

and 𝑝 = 0.57) do not show a significant correlation with the ONI. See also Fig. S16 for a similar comparison with NBP anomalies from

individual members in the TRENDY v11 model ensemble, including the most and least responsive members (in terms of the absolute

value of ENSO composite anomalies in NBP).
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Figure 3. Seasonal patterns of ENSO impacts on net carbon uptake averaged over each ENSO-sensitive region. Definition of these

regions follows Fig. 1d, and time lags are determined by maximizing the correlation between regionally-averaged net carbon uptake (i.e.,

NBP) anomalies and the Oceanic Niño Index. Monthly NBP anomalies influenced by El Niño (teal) and La Niña (brown) are compared

within different climatological seasons and across all seasons, with time lags considered. Each box summarizes NBP anomalies associated

with a specific ENSO phase within a season (or across all seasons), with the center bar, bounds of box, whiskers, and dots representing

the median, first and third quartiles, smallest and largest anomalies falling within 1.5× of the interquartile range from the nearest quartiles,

and outliers beyond that range, respectively. Pairs of El Niño and La Niña NBP anomalies that show statistically significant differences

in a two-sided, two-sample Welch’s 𝑡-test at 𝑝 < 0.05 level are highlighted with light gray shading. Regions are ranked by the effect size

(Cohen’s 𝑑) for the difference between El Niño and La Niña NBP anomalies across all seasons (leftmost column): southern Great Plains

(𝑑 = 1.09), Pacific–Mountainous West (𝑑 = 0.98), central Gulf Coast (𝑑 = 0.68), upper Midwest (𝑑 = −0.68), northern Rockies (𝑑 = −0.70),
and southern Appalachia (𝑑 = −0.72).
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3.2 Seasonal impact of ENSO phases on aggregated regional net carbon uptake anomalies

To further examine ENSO impacts on net carbon uptake in ENSO-sensitive regions (Fig. 1d), we identify time lags

between regionally-aggregated NBP anomalies and ONI by maximizing the absolute value of their correlation, similar to355

those at the grid cell level (Sect. 2.7; see also Fig. S19). The resulting regional-level time lags are similar to those determined

at the grid cell level (Figs. 1a and 3). All temperate regions sensitive to ENSO influences (labeled in Fig. 1d) show statistically

significant differences (𝑝 < 0.05 in a two-sided, two-sample 𝑡-test) in aggregated NBP anomalies between El Niño and La

Niña when considering all seasons (Fig. 3). Among them, the southern Great Plains and the Pacific–Mountainous West

show stronger relative ENSO impact than other regions as measured by effect sizes (Fig. 3). The direction and magnitude360

of the ENSO impact on each region are robust given the uncertainty associated with the inversion-derived NBP estimates

(Fig. S20). Interestingly, although the ENSO-sensitive regions are identified based on significant and consistent ENSO

responses without relying on biome information, the fact that regions with strongest positive NBP responses to ENSO

(southern Great Plains and Pacific–Mountainous West) are dominated by semi-arid biomes (grasslands, shrublands, and

savannas; Fig. S18) suggests a potential role of water availability in modulating ENSO responses.365

While El Niño and La Niña peak in winter (Fig. 2a), their impacts on net carbon uptake are concentrated in different

seasons for different regions (Fig. 3; see also Fig. S21 for spatially explicit seasonal anomalies over North America). For

regions that show enhanced NBP during El Niño, the enhancement is strongest in spring in the Pacific–Mountainous West

(Fig. 3b) and summer in the southern Great Plains (Fig. 3a) and the central Gulf Coast (Fig. 3c), due primarily to different

timing of the peak growing season (Fig. S13). For regions that show reduced NBP during El Niño, the reduction is highest370

in summer for northern Rockies (Fig. 3e) and fall for the upper Midwest (Fig. 3d), while not statistically significant at the

seasonal timescale for southern Appalachia (Fig. 3f ).

Taken together, these heterogeneous seasonal patterns of the responses of NBP anomalies to ENSO phases reflect the

diverse teleconnection mechanisms through which ENSO exerts its impact on North American climate and net carbon

uptake, reinforcing the need for a regional understanding of these impacts.375

3.3 ENSO impacts on net carbon uptake anomalies mediated by energy and water availability

We find that a given response of net carbon uptake to ENSO can result from different local anomalies in energy availability

(represented by temperature and shortwave radiation) or water availability (represented by precipitation, soil moisture,

and vapor pressure deficit, VPD) across the identified ENSO-sensitive regions (Fig. 4), after controlling for the temporal

autocorrelation in NBP (Sect. 2.9). Notably, the Pacific–Mountainous West is the only ENSO-sensitive region where380

the NBP anomaly is mainly controlled by energy availability rather than water availability (Fig. 4a). In other temperate

ENSO-sensitive regions, NBP anomalies are regulated by different aspects of water availability across regions: precipitation,

soil water stress, and atmospheric water demand. Below, we use standardized coefficients (Sect. 2.9; Table S8) to assess how

local climate anomalies drive NBP anomalies in each ENSO-sensitive region.
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Figure 4. Attribution of net carbon uptake anomalies to climate anomalies across ENSO-sensitive regions. (a) Relative importance of

climate anomalies in explaining net carbon uptake (i.e., NBP) anomalies at the grid cell level for each ENSO-sensitive region, from the

most to the least important, as indicated by the absolute values of standardized coefficients. A positive (negative) standardized coefficient

means an increase in the corresponding climate variable is associated with enhanced (suppressed) net carbon uptake. For each region,

we identify climate anomalies in the preceding three months (labeled with numeric subscripts, for example, −1 for the anomaly in

the previous month) that are most influential in explaining anomalies in net carbon uptake using statistical model selection (Sect. 2.9).

Coefficients for NBP anomalies in the preceding month are omitted for clarity (Table S8). Empty symbols indicate variables that do not

exert a robust influence on NBP anomalies, as their coefficients may flip sign in submodels (Sect. 2.9). Climate anomalies tested are: 𝑇 ,

surface air temperature; 𝑃 , precipitation rate; 𝑅sw, incoming shortwave radiation; VPD, vapor pressure deficit; SWC, soil water content,

from the North American Regional Reanalysis (Mesinger et al., 2006). (b) Direction and relative magnitude of ENSO influences on

the anomalies in the same climate variables for each region as in (a), shown in effect sizes (Cohen’s 𝑑). A positive (negative) effect size

means that El Niño increases (decreases) the corresponding climate variable relative to La Niña. Effect sizes are calculated at the grid

cell level (see Fig. 5b–f for maps) and binned as boxplots for visual assessment, with the center bar, bounds of box, whiskers, and dots

representing the median, first and third quartiles, lowest and highest values falling within 1.5× of the interquartile range from the nearest

quartiles, and outliers beyond that range, respectively. The NBP impact of each climate variable is indicated at the bottom of panel (b): a

plus (minus) sign means that ENSO-induced anomalies tend to increase (decrease) NBP, whereas a circle indicates a non-significant

influence (i.e., the effect size is not significantly different from zero based on a 𝑍-test).
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sizes are calculated from anomalies in net carbon uptake (NBP, a), air temperature (𝑇 , b), incoming shortwave radiation (𝑅sw, c),

precipitation (𝑃 , d), soil water content (SWC, e), and vapor pressure deficit (VPD, f), grouped by El Niño- and La Niña-influenced

months, with the same time lags for net carbon uptake anomalies shown in Fig. 1a considered. See also Fig. S22 for effect sizes for

concurrent differences (i.e., without time lags).
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In the Pacific–Mountainous West, increased air temperatures (Δ𝑇−1, in the preceding month, Fig. 4b) and solar radiation

(Δ𝑅sw, Fig. 4b) lead to enhanced net carbon uptake (positive ΔNBP, Fig. 3b) during El Niño. Given that ENSO’s impact410

on the net carbon uptake of this region is most pronounced in spring (Fig. 3b), which is the peak growing season there

(Fig. S13), it is likely that the warmer and sunnier conditions associated with El Niño (Fig. 5b and c) have enhanced peak

carbon uptake when seasonal water stress has not yet begun. Although the warmer conditions during El Niño also lead to

higher VPD (Figs. 4b and 5f ), the influence of the VPD anomaly on the NBP anomaly is not robust in this region, as

evidenced by the fact that its sign can flip depending on the presence or absence of other covariates (Table S9). In addition,415

because changes in precipitation associated with ENSO are not substantial in the Pacific–Mountainous West (Figs. 4b and

5d), El Niño does not appear to impose water limitation on net carbon uptake.

In contrast to the west coast, NBP anomalies in the southern Great Plains are more strongly regulated by water

availability than energy availability (Fig. 4a), showing a dominant role of increased precipitation one month before (Δ𝑃−1)

in enhancing NBP during El Niño (Fig. 4b). This mechanism is supported by the strong positive correlation between420

precipitation anomalies and the ONI in this region (Fig. S12h). In addition, reduced VPD and air temperature during El

Niño (Fig. 4b), combined with the increased precipitation, further boost net carbon uptake in the southern Great Plains

(Fig. 4a). This confluence of favorable conditions for NBP likely explains why this region shows the highest effect size

of ENSO influence on NBP (Fig. 3a). Although El Niño also causes a strong increase in soil moisture over the southern

Great Plains (Figs. 4b and 5e), the effect of the soil moisture anomaly on the NBP anomaly is not robust, as evidenced by425

the fact that its sign depends on the presence or absence of other covariates (Table S9).

While the Gulf Coast typically experiences similar ENSO climate impacts as the southern Great Plains, NBP anomalies

in the central Gulf Coast region are predominantly regulated by VPD (Fig. 4a), with a substantial decrease during El Niño

leading to enhanced NBP (Figs. 4b and 5f ). The impacts of anomalies in shortwave radiation, temperature, precipitation,

and soil moisture suggest a more nuanced picture of compensating influences. Increased soil moisture during El Niño430

(Figs. 4b and 5e) contributes to enhanced NBP (Fig. 4a), which is offset by the negative influences of reduced temperature

and solar radiation (Fig. 4b) on NBP. Interestingly, increased precipitation during El Niño (Fig. 4b) suppresses NBP

(Fig. 4a) in the central Gulf Coast region, possibly as a result of its correlation with reduced radiation. Overall, NBP

anomalies in the central Gulf Coast show competing effects between water availability and energy availability, but reduced

atmospheric water demand overwhelms other factors to boost NBP during El Niño.435

In the upper Midwest, surprisingly, increased VPD during El Niño (Fig. 4b) leads to enhanced NBP (Fig. 4a), contrary

to the overall response of reduced NBP during El Niño (Fig. 3d). This seemingly paradoxical effect of VPD on NBP

results from a combination of different seasonal effects (Fig. S23). Whereas in winter and spring higher VPD is associated

with enhanced NBP (Table S10), probably due to its co-occurrence with warmer conditions, in summer and fall higher

VPD leads to reduced NBP (Table S10). Moreover, summer and fall NBP anomalies over the upper Midwest are most440

sensitive to precipitation anomalies (Fig. S23 and Table S10), indicating that excess late-season precipitation during El Niño

(Fig. S24l) is more influential than VPD anomalies in suppressing net carbon uptake. Note that although the Midwest

suffered from an exceptional drought in 2012 (Wolf et al., 2016), removing the year 2012 from our analysis does not result
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in substantial changes in the identified effects of precipitation and VPD on NBP anomalies in this region (Table S10). Thus,

apart from the complication from season-dependent effects of VPD, it is mainly the heavier rainfall during El Niño that445

suppresses late-season NBP in the upper Midwest.

In the northern Rockies, El Niño leads to reduced VPD, increased precipitation, and reduced solar radiation (Figs. 4b

and 5). Although the reduced VPD acts to enhance NBP (Fig. 4a), this effect is counteracted by increased precipitation

and reduced solar radiation, both of which reduce NBP (Fig. 4a). The influence of temperature on NBP anomalies is not

robust as its coefficient switches sign depending on other covariates (Table S9). Thus, it is the combined effect of excess450

precipitation and reduced solar radiation that suppresses NBP in the northern Rockies during El Niño, overwhelming the

effect of reduced VPD. Note that the northern Rockies region identified here (northern Idaho, northwestern Montana,

and southwestern Alberta) has a humid climate, unlike most of the arid western North America.

In southern Appalachia, reduced precipitation during El Niño (Fig. 4b) appears to lead to increased NBP (Fig. 4a),

contrary to the overall response to El Niño (Fig. 3f ), because this effect is also complicated by different seasonal effects455

(Fig. S23). Reduced precipitation leads to increased NBP in winter and spring, but reduced NBP in summer and fall

(Fig. S23a and Table S10), consistent with seasonal impacts of ENSO on regionally-aggregated NBP in southern Appalachia

(Fig. 3f; though these seasonal impacts are not statistically significant). Although the soil moisture anomaly contributes to

the NBP anomaly (Fig. 4b), its role appears to be important only in winter and spring (Fig. S23a), with increased soil

moisture enhancing NBP. When focusing on summer and fall NBP anomalies, warmer temperatures associated with El460

Niño are actually the most influential drivers of reduced NBP in southern Appalachia (Figs. S23 and S24d; see also Fig. 5b).

4 Discussion: Regional mechanisms key to ENSO impacts on the carbon cycle

While El Niño has been known to boost the North American terrestrial carbon sink (Hu et al., 2019), our findings reveal

diverse and contrasting regional responses to ENSO that combine to yield this integrated continental response (Fig. 2).

Contrary to the previously reported east–west divide in the response of the North American carbon cycle to internal465

climate variability that had been based on coarse resolution top-down flux estimates (Byrne et al., 2020), and that followed

the terrestrial aridity gradient (Seager et al., 2018), our analysis, enabled by a fine-scale regional inversion, reveals more

nuanced ENSO impacts on net carbon uptake. In particular, the contrasting NBP responses to ENSO between Pacific and

subtropical regions and mid-continental regions (Fig. 1c) reflect an indirect control by the position and intensity of the

subtropical jet (Trenberth et al., 1998), mediated by the jet’s impacts on North American temperature and hydroclimate470

anomalies (Seager et al., 2005; Deser et al., 2018; Jong et al., 2021). In other words, ENSO-driven changes in large-

scale atmospheric circulation prevail over the terrestrial aridity gradient in determining the direction and magnitude of

regional-scale responses of North American biome carbon uptake to ENSO.

How ENSO impacts on regional net carbon uptake are mediated by local climate anomalies is, however, preconditioned

on the terrestrial aridity gradient. Among the identified temperate ENSO-sensitive regions (Figs. 1d and 4), NBP in475

semi-arid regions such as the southern Great Plains benefits from increased precipitation brought by El Niño, whereas in
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more humid regions, the impact of precipitation changes on NBP is secondary to that of temperature (Pacific–Mountainous

West) or VPD (central Gulf Coast). Excess precipitation can even suppress late-season NBP during El Niño (upper Midwest

and northern Rockies). Against the backdrop of large-scale circulation changes and terrestrial aridity gradients, each

ENSO-sensitive region also shows specific local climate impacts from ENSO teleconnections as well as ecosystem responses.480

The finding that NBP anomalies in the Pacific–Mountainous West (here, northern California and Nevada, Oregon,

and southwestern Idaho; Fig. 1d) are primarily regulated by temperature and shortwave radiation rather than water

availability (Fig. 4) appears at odds with the well-known El Niño impact of increased precipitation in California and

reduced precipitation in Oregon and Washington (Jong et al., 2016; Deser et al., 2018). However, ENSO impacts on west

coast precipitation can be unpredictable, with strong El Niño (La Niña) usually associated with increased (decreased)485

precipitation over California but moderate and weak El Niño (La Niña) associated with highly variable changes in

precipitation (Hoell et al., 2016; Lee et al., 2018). For example, the 2011 La Niña was associated with anomalously high

precipitation over the west coast due to strong atmospheric river activity, contrary to the expected response during La

Niña (Luna-Niño et al., 2025), while the 2015/2016 exceptional El Niño failed to bring any increase in precipitation

over California (Chen et al., 2021). Here, we find no statistically significant correlations between precipitation anomalies490

and the ONI on the Pacific coast during the study period (2007–2015), whereas temperature anomalies show robust

positive correlations with the ONI (Figs. S12f and S25b). In addition, forests in the coastal Pacific Northwest are less

limited by water than those in the interior Mountainous West (Seager et al., 2018; Zomer et al., 2022). These patterns of

ENSO-driven climate variability—robust temperature anomalies but inconsistent precipitation anomalies—coupled with

the ecohydrological context explain why temperature and shortwave radiation play more important roles in mediating495

NBP anomalies than hydrological variables in the identified Pacific–Mountainous West cluster.

Given the well-known hydroclimatic impacts on the southern Great Plains from ENSO (Kurtzman and Scanlon, 2007;

Deser et al., 2018), it is unsurprising that both precipitation and VPD in the preceding month are important factors

regulating NBP anomalies in this water-limited biome (Fig. 4a). However, the fact that summer is the season with the

strongest ENSO impact on NBP (Fig. 3a) appears inconsistent with known ENSO impacts on winter precipitation.500

In recent years, the teleconnection between ENSO and Great Plains Low Level Jets (GPLLJs) has been increasingly

recognized as an important mechanism in regulating summer precipitation in this region (Krishnamurthy et al., 2015;

Liang et al., 2015). El Niño is typically associated with increased summer activity of GPLLJs (Krishnamurthy et al., 2015;

Danco and Martin, 2018), which brings increased moisture supply from the Gulf of Mexico and facilitates deep convective

activity and summer rainfall over the southern Great Plains (Stensrud, 1996). Here again, ENSO impacts on biome-scale505

net carbon uptake are mediated through interactions between ENSO and locally dominant weather systems.

Although El Niño has been known to bring more winter precipitation to the Gulf Coast (Kurtzman and Scanlon, 2007),

its effect on summer precipitation is not significant in the region. Given that the growing season of this region does not

start until April (as indicated by SIF), ENSO-driven anomalies in winter precipitation would have little immediate impact

on the NBP (Fig. 3c). Instead, we find that VPD is the leading factor driving NBP anomalies in the central Gulf Coast510

(Fig. 4a), with reduced VPD during El Niño (Figs. 4b and 5f ) leading to enhanced NBP. Even without increased summer
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precipitation (Fig. S24k), the year-round decrease in VPD during El Niño over this region (Hu et al., 2019) may have

been sustained by local land–atmosphere feedbacks resulting from increased soil moisture (Chen and Kumar, 2002, 2004)

(Fig. 5e). Although ENSO controls the annual water balance of the central Gulf Coast, its impact on NBP anomalies is

likely mediated through the feedback from surface water storage to atmospheric evaporative demand.515

There is a need to further characterize summer teleconnections in ENSO-sensitive regions in the continental interior

(upper Midwest, northern Rockies, and southern Appalachia; Fig. 1d), given that ENSO impacts on summer climate have

not been known to be prominent in these regions. Over the upper Midwest, the summer following peak El Niño when

ENSO transitions to the La Niña phase is associated with anomalous anticyclonic patterns and warmer conditions (Jong

et al., 2020), which may lead to reduced crop productivity (Anderson et al., 2017). Although we find positive temperature520

anomalies over the Midwest during El Niño (Fig. 5b and Fig. S24c and d), precipitation anomalies and their contribution

to NBP anomalies vary by season (Fig. S23), highlighting a seasonal contrast in ENSO impacts on local climate and NBP

anomalies in this region (Fig. 3d and Fig. S23). In the northern Rockies, century-long rain gauge data reveal a strong

negative association between El Niño and winter precipitation (Stagge et al., 2023). As our study finds an eight-month lag

of NBP anomalies in this region following El Niño (Figs. 1a and 3e), the similarly lagged ENSO impact on precipitation525

is highly variable across seasons (Fig. S24i–l) and sometimes contrary to its immediate impact on winter precipitation

(Fig. S23b); the precipitation impact could also be complicated by topography in this region. While little is known about

how ENSO impacts climate conditions in southern Appalachia, the attribution of late-season NBP anomalies suggests

that warmer conditions lead to reduced NBP during El Niño (Fig. S23 and Table S10). Similarly, the attribution of NBP

anomalies in southern Appalachia is complicated by varying topography and may require a more spatially-refined view to530

conclusively identify mechanisms of ENSO impacts. Targeted synoptic-scale studies (Randazzo et al., 2020) may help fill

the gap in understanding ENSO’s warm-season impacts on climate and carbon uptake in understudied mid-continental

regions.

Taken together, the findings presented here point to a nuanced view of the regional-scale responses of terrestrial carbon

fluxes to ENSO, elucidated by the high-resolution regional inverse model estimates of net biome carbon uptake over North535

America. The heterogeneous impacts of ENSO on biome-scale net carbon uptake (Figs. 1c and 3) are not a direct result

of the typical “warmer northwest, wetter southeast” El Niño winter anomalies over North America, but rather involve

spring warming that enhances carbon uptake during El Niño (e.g., the Pacific–Mountainous West) or land–atmosphere

interactions such as increased soil moisture storage from winter precipitation sustaining a cooler-than-usual summer

during El Niño (e.g., the central Gulf Coast). Fine-scale regional carbon flux estimates covering more ENSO cycles will540

be needed to illuminate the complex interplay among ENSO teleconnections, mesoscale climate, and the terrestrial carbon

cycle, especially in light of the diversity of ENSO events (Capotondi et al., 2015) and projected future changes in ENSO

(Cai et al., 2021).

A better understanding of region-specific mechanisms underlying ENSO-driven net carbon uptake anomalies may

also translate into improved representation of the sensitivity of carbon fluxes to energy and water availability in terres-545

trial biosphere models, and more broadly, better constrained carbon–climate feedbacks. Although terrestrial biosphere
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models represent these sensitivities as general physiological responses that are not specific to ENSO, the fact that they

underestimate ENSO-driven flux anomalies (Fig. 2) indicates a widespread misrepresentation of the sensitivity of carbon

fluxes to temperature and hydroclimate anomalies for North American biomes (Shiga et al., 2018a; Hu et al., 2019). This

misrepresentation impacts the assessment of carbon–climate feedbacks, as uncertainty in the sensitivity of carbon fluxes550

to climate anomalies propagates into future carbon cycle projections. Moreover, as models may show seemingly correct

responses for the wrong reasons when tuned to insufficient observational constraints, a pervasive issue known as error

compensation (Balaji et al., 2022), ENSO as the leading mode of internal climate variability offers an opportunity to

explore terrestrial biosphere models’ misrepresentation of the sensitivity of carbon fluxes to climate anomalies and facilitate

model improvements for robust long-term carbon cycle and climate projections.555

Taking a global view, our findings highlight a robust partial compensation between carbon flux anomalies over tropical

and extratropical lands driven by known ENSO teleconnections over the Pacific–North American sector. This compensation

has hitherto been overlooked in understanding of the global carbon cycle’s sensitivity to internal climate variability.

Anomalies in the global atmospheric CO2 growth rate have been attributed primarily to ENSO-driven temperature

anomalies over the tropics (Cox et al., 2013) and this relationship has been used to constrain the tropical carbon–climate560

feedback from earth system model projections. This simplistic view overlooks the responses of carbon fluxes in extratropical

lands to ENSO, which often act in opposition to the responses of tropical lands, as revealed in recent studies (Hu et al.,

2019; Liu et al., 2024). Notably, the 2021 La Niña, though not covered in our study period, led to reduced net carbon

uptake in the northern extratropics, offsetting over 70 % of the estimated carbon uptake enhancement in the tropics (Liu

et al., 2024) and challenging the long-standing interpretation of CO2 growth rate anomalies as an indicator of tropical565

carbon–climate feedback (Cox et al., 2013; Wang et al., 2014; Luo and Keenan, 2022). Given that ENSO teleconnections

are widespread over extratropical lands beyond North America (Trenberth et al., 1998), there may exist yet undiscovered

links between ENSO and terrestrial carbon flux anomalies over other extratropical regions. It has also been noted that

extreme El Niño events may break this compensation pattern, leading to increased carbon emissions from both tropical

and extratropical lands and amplifying the carbon cycle’s sensitivity to internal climate variability (Li et al., 2024). There is570

also a need to further understand how ENSO impacts on regional carbon cycling differ across ENSO events of varying

strength and localization (e.g., central Pacific vs. eastern Pacific El Niño events) (Dannenberg and Johnston, 2023). As a

warming climate is projected to bring more frequent extreme El Niño and La Niña events (Cai et al., 2014, 2015) and

intensify the jet stream (Shaw and Miyawaki, 2023), characterizing the dynamic and physiological mechanisms as well as

global-to-regional linkages controlling carbon cycle responses to ENSO, in both tropical and extratropical lands, will be575

increasingly important for attributing and predicting changes in the carbon cycle.

Appendix A: Implementation of geostatistical inverse modeling for CO2 flux estimation

We use multivariate linear regression to select a parsimonious set of explanatory variables to capture observed variability in

biospheric CO2 drawdowns or enhancements (Gourdji et al., 2012; Miller et al., 2018; Shiga et al., 2018b). The variable
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selection helps to minimize the risk of biasing flux estimates due to spurious correlations. Following Shiga et al. (2018b),580

the regression is posed as:

z =HX𝜷 + 𝝐, (A1)

where z is a column vector of observed biospheric CO2 drawdowns or enhancements (μmolmol−1), H is a matrix that

aggregates WRF–STILT transport footprints (m2 smol−1), X represents covariates of CO2 fluxes (vegetation indicators and

climate drivers), 𝜷 is a column vector of linear coefficients to link the atmospheric signals resulting from the explanatory585

variables with observed CO2 variability, and 𝝐 is the combined error term incorporating measurement error, transport

error, model–data mismatch, and residuals not explained by the explanatory variables. We run the regression for all possible

combinations of explanatory variables and identify the combination that optimally explains atmospheric CO2 variability

based on the Schwarz Bayesian information criterion (Schwarz, 1978), using a branch-and-bound algorithm (Yadav et al.,

2013). The selection yields an optimal model that includes kriged GOME-2A solar-induced chlorophyll fluorescence (SIF)590

retrieval (mWm−2 nm−1 sr−1), specific humidity (kg kg−1), and precipitation rate (kgm−2 s−1) as the covariates to explain

variability in observed CO2 concentrations.

The geostatistical inverse modeling (GIM) approach leverages a set of covariates (identified above) to explain a portion

of the variability in CO2 fluxes and a prior error covariance model to characterize the deviation of CO2 fluxes from the

deterministic trend explained by these covariates (Michalak et al., 2004; Gourdji et al., 2010). The GIM approach has595

the advantage of requiring no prior flux estimates and making no assumptions about the spatiotemporal flux covariance

structure beyond a functional form and is thus more directly informed by data (Gourdji et al., 2012) than typical prior-based

Bayesian inversions. Here, we pose the GIM approach as minimizing the following objective function:

𝐿(s,𝜷) = 1
2
[(z−Hs)⊤R−1 (z−Hs) + (s−X𝜷)⊤Q−1 (s−X𝜷)], (A2)

where s represents the surface fluxes (μmolm−2 s−1) to be estimated, discretized in space and time, z and H are the same as600

in Eq. (A1), X represents the explanatory variables identified from model selection, with additional columns to capture the

diurnal cycles of fluxes (detailed below), 𝜷 represents the linear coefficients for the explanatory variables, including for the

columns that represent diurnal cycles, R is the model–data mismatch covariance matrix, here assumed to be diagonal, and

Q is the prior flux covariance matrix, which contains off-diagonal elements.

Because sub-monthly and monthly explanatory variables like SIF and climate drivers do not capture the diurnal cycles605

of fluxes, we use additional columns to represent the fast-varying diurnal component of fluxes in each month relative to

the slow-varying component captured by SIF and climate drivers. Given that the transport footprints were aggregated at

three-hourly temporal resolution, eight columns indicating different hours are needed to resolve the mean diurnal cycle

for each month. For 12 months in a year, 96 indicator columns are needed. These indicator columns are encoded following

one-hot encoding. For example, to represent the diurnal component at 03:00 in January 2007, any rows in X that represent610

03:00 and fall within January 2007 are filled with ones and the rest are filled with zeros. The linear coefficient in 𝜷 that

corresponds to this column is solved by optimizing the objective function 𝐿. This approach imposes little restriction on the

diurnal cycle, but instead leverages as much information as is available in atmospheric CO2 observations.
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We assume that model–data mismatch errors, including measurement, representation, and transport errors, are uncorre-

lated across 61 CO2 monitoring sites and in time, which means that R is a diagonal matrix (Mueller et al., 2008; Gourdji615

et al., 2010). The diagonal elements, that is, model–data mismatch variances, 𝜎2R (𝑖, 𝑗), are optimized for each site (𝑖) in each

month ( 𝑗).

The covariance matrix Q, which characterizes the spatiotemporal autocorrelation in the stochastic component of the

fluxes, is represented using an isotropic exponential decay covariance function (Michalak et al., 2004; Gourdji et al., 2010):

Q
(
ℎ𝑥 ,ℎ𝑡 | 𝜎2Q, ℓ,𝜏

)
= 𝜎2Q exp

(
−ℎ𝑥

ℓ

)
exp

(
−ℎ𝑡
𝜏

)
, (A3)620

where ℎ𝑥 (km) and ℎ𝑡 (d) are the distances between grid cells in space and in time, respectively, ℓ (km) and 𝜏 (d) are the

spatial and temporal correlation parameters, and 𝜎2Q is the asymptotic variance of fluxes at large distances. The parameters

𝜎2Q, ℓ , and 𝜏 , which define Q, are optimized together with the variance parameters that define R for each month using

restricted maximum likelihood optimization described in Gourdji et al. (2010). The optimized parameters for the study

period are listed in Tables S4–S6.625

With the covariance matrices Q and R specified, we solve for the posterior estimates of the fluxes, ŝ, and the linear

coefficients, 𝜷 , from the geostatistical inverse linear system of equations (Michalak et al., 2004) using an efficient algorithm

of O
(
𝑛2.5

)
complexity described in Yadav and Michalak (2013). The objective function 𝐿 is optimized each month, which

means surface fluxes (ŝ) are solved for each month at three-hourly temporal resolution. We then average the flux estimates

monthly for analyses of flux anomalies. See Fig. S2 for the mean seasonal cycle of flux patterns.630

Following Michalak et al. (2004), the posterior covariance of the flux estimates ŝ are given by

Vŝ = −XM+Q−QH⊤
𝚲
⊤, (A4)

where 𝚲 and M are obtained from solving the linear system


HQH⊤ +R HX
(HX)⊤ 0



𝚲
⊤

M


=


HQ
X⊤


. (A5)

The posterior flux uncertainty for each grid cell is then calculated as the square root of the diagonal elements of Vŝ635

(Michalak et al., 2004). See Fig. S3 for a summary of the uncertainty and relative uncertainty in monthly mean flux

estimates by season and latitudinal band.
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Code and data availability. Code used to generate figures and results presented in this study is available at https://gitlab.com/wusun/

enso-impact-na-carbon-flux. SIF-driven geostatistical inverse estimates of North American land carbon fluxes will be released to

Zenodo upon publication. The ObsPack GLOBALVIEWplus CO2 data product is available at https://gml.noaa.gov/ccgg/obspack/.640
The CarbonTracker-Lagrange WRF–STILT footprints are available at https://gml.noaa.gov/ccgg/carbontracker-lagrange/. Access to

the TRENDY v11 model ensemble can be requested at the data hub of the Global Carbon Budget (https://globalcarbonbudgetdata.

org/closed-access-requests.html). The FLUXCOM-X-BASE data products are available through the Integrated Carbon Observation

System (ICOS) data portal (https://doi.org/10.18160/5NZG-JMJE). The FFDAS v2 data product is available at https://ffdas.rc.nau.edu/.

The North American Regional Reanalysis data can be obtained at https://psl.noaa.gov/data/gridded/data.narr.html.645
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