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Abstract

Volcanic eruptions are inevitable, unpredictable, and impact climate globally. During
outbreaks, volcanic aerosols enter the stratosphere, modifying the planetary energy
balance. How eruptions affect biosphere carbon uptake is unclear, as including the
possible forcing trajectories in climate model projections is computationally expensive.
Here, we show realistic future volcanic forcing increases projected regional temperature
variability for the overshoot scenario SSP5-3.5-OS and adds uncertainty to biosphere
carbon sink capacity estimates. We use intermittent eruption trajectories to derive 300
estimates of future climate and biosphere productivity from a computationally efficient,
regionally explicit simulator. Global mean temperature pathway uncertainty relative to
the internal component is, on average, 0.32 °C (+89%) larger with intermittent forcing.
Propagating this uncertainty into net carbon uptake through shared variances between
climatic drivers and the biosphere’s response increases regional uncertainty by up to
34% of internal variability. Regionally, uncertainty in annual temperature is increased
by 50%+ for half of the world’s population. Effects aggregate globally, potentially
delaying or advancing net-zero emissions and planetary temperature stabilization.

Introduction 1

Intermittent external forcing of the climate system arises from stratospheric aerosol 2

emissions from largely unpredictable volcanic eruptions. These varying perturbations 3

significantly increase global temperature variability and future projection 4

uncertainty [1, 2]. Due to computational constraints, regional assessments are not yet 5

widely considered. Climate records indicate that regional climate variability may 6

increase under future volcanic forcing [3]. Higher regional variability in surface air 7

temperature and hydroclimate may increase weather extremes, which challenges 8

biosphere carbon sink resilience and local climate change adaptation and mitigation 9

measures. Volcanic perturbations may amplify modes of variability like ENSO [4] and 10

blur warming or stabilization trend attribution [2]. We develop a strategy for resolving 11

regional uncertainties along future projection pathways until 2200 (Data and methods), 12

and apply a large paleo-informed forcing dataset as an analogue for “realistic” future 13

volcanic forcing [5]. Our ensemble median forcing (Data and methods) matches the 14

constant mean forcing suggested for CMIP7 simulations [2, 6]. 15

Life on land needs light and water, which means intermittent volcanic forcing with 16

changes in surface (hydro-)climate can impact terrestrial and marine carbon fluxes. 17
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Considering this could yield more representative uncertainty estimates for the efficiency 18

of future carbon sinks and sources. However, the magnitude of future carbon cycle 19

responses to sporadic eruptions remains unquantified. Terrestrial and marine carbon 20

reservoirs currently buffer anthropogenic CO2 emissions but re-equilibrate under future 21

climate change [7]. In likely [8] temperature overshoot scenarios, such re-equilibration 22

dynamics are expected to be particularly strong [9]. Whether intermittent volcanic 23

forcing stimulates or reduces natural carbon uptake under future warming, or does both, 24

is unclear. The associated cooling and surface radiation reduction could affect various 25

processes across Earth system compartments connected to carbon uptake. Cooling 26

enhances the marine CO2 solubility pump and secondary effects could influence the 27

ocean’s biological pump [10]. On land, intermittent aerosol forcing causes slight solar 28

dimming and can alter climate, including precipitation patterns and evapotranspiration 29

feedbacks. These influence plant water-use efficiency, moisture availability for 30

vegetation, and carbon-positive organic matter decomposition in soils [11–13]. Missing 31

these supplementary uncertainty sources for the carbon sinks impacts future emission 32

budget accuracy. 33

If sporadic volcanic eruptions are represented in IPCC-class Earth system model 34

(ESM) simulations, this is usually achieved by varying aerosol optical depth of the upper 35

atmosphere (AOD). However, realistic intermittency is not considered in projections 36

following shared socioeconomic pathways (SSPs) [14]. Future eruption timings and 37

magnitudes are unknown, so stable uncertainty estimates require ensemble 38

simulations [1]. This is computationally costly and intractable with ESM simulations for 39

multiple scenarios or model intercomparison. Several statistical approaches have 40

explored emulating future global-mean responses of ESMs to intermittent volcanic 41

forcing [2] or replicating historical temperature evolution [15,16]. This leaves open 42

challenges of using, for example, linear pattern scaling or machine learning for spatially 43

explicit emulation in order to then generate larger ensembles than those possible with 44

ESM simulations [16]. 45

Our emulation approach balances being physically grounded and tractable, and 46

suitability for broader problems, including low data availability, internal variability and 47

non-linearities [17]. From a certain magnitude, volcanic eruptions trigger distinct forced 48

responses of climate modes. Therefore, we address the challenge of a sufficiently large 49

simulation ensemble by combining semi-stochastically forced simulations from the 50

comprehensive MPI-ESM [18] with a statistical emulator of the model’s forced response 51

modes (Data and methods). Our Bayesian approach estimates parameters of a 52

stochastic two-box energy balance model (EBM), representing forced and internal 53

variability components. This EBM approach generalizes from Schillinger et al. 54

(2022) [15] to fit two response timescales and two thermodynamic inertias per dominant 55

spatial mode of variability. This enables emulation of spatially resolved, globally 56

consistent temperature time series (Data and methods). 57

The emulator lets us study spatially resolved Earth system effects of realistic volcanic 58

eruptions under future climate change. We derive an ensemble of 300 forcing realizations 59

along the extended SSP5-3.4-OS temperature overshoot scenario until 2200 [14,19]. 60

This quantifies supplementary variability in global and regional surface climate from 61

intermittent volcanic forcing (Fig. 1a, b). Based on temperature and moisture variance 62

estimates, we infer supplementary uncertainty in vegetation productivity and carbon 63

uptake into land and ocean sinks regionally and globally, which has the potential to 64

affect the timing of net-zero emissions and temperature stabilization. 65
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Data and methods 66

We combine Earth system model simulations driven by realistic, intermittent volcanic 67

eruptions with an emulator based on a stochastic EBM, which operates on the dominant 68

spatiotemporal modes of temperature variability. Using the covariance between climatic 69

drivers and biotic response variables, we leverage the emulator to estimate the 70

supplementary uncertainty that volcanic variability induces on surface climate and 71

carbon fluxes. The variability assessment utilizes power spectra and variance ratios. 72

Earth system model simulations of a temperature overshoot 73

scenario with intermittent, paleo-informed volcanic forcing 74

Simulations with the Max–Planck–Institute Earth system model (MPI-ESM) version 75

1.2 [18] provide the basis for our study. They serve to quantify the Earth system 76

response to intermittent volcanic forcing in general (S1 Text), emulate the simulated 77

surface climate’s forced response (next section), and estimate the covariance between 78

climatic and biotic variables. We operate the ECHAM6.3 atmosphere model [20] with a 79

T63 spectral truncation (approximately 200 km grid spacing) and the MPIOM ocean 80

model [21] on a GR15 grid (150 km approximate spacing). The model setup features a 81

fully coupled, nitrogen-limited terrestrial and marine carbon cycle, run in an 82

emission-driven mode. Boundary conditions for greenhouse gases and land use follow 83

the CMIP6 and ScenarioMIP protocols [22] and their long-term extensions [19]. 84

ECHAM6.3 parametrizes the radiative impact of external volcanic forcing as 85

modulations of aerosol optical depth (AOD). 86

We leverage the PalVolv1 dataset of past volcanic eruptions [5] as a paleo-informed 87

boundary condition to model future intermittent volcanic forcing. PalVolv1 is a unique 88

resource that combines the paleo-record of eruptions from the last 130.000 years with 89

stochastic sampling of smaller-sized eruptions. PalVolv1 corrects for the typical 90

undersampling of small volcanic eruptions by augmenting the paleo-record with 91

stochastically sampled small events which results in a more realistic distribution of 92

occurrences. Out of the 100 realizations in the PalVolv1 dataset, we selected the 50th 93

member for our study. To convert PalVolv1 into forcing realizations for our MPI-ESM 94

simulations, we first subdivide the median realization into five non-overlapping 185-year 95

time segments. These selected segments are spaced apart by at least 1000 years. 96

Subsequently, three of the segments are shifted forward in time by 61 years, increasing 97

the ensemble size to eight members. This approach reduces biases in the distribution of 98

events over time, albeit not eliminating them entirely (S7 Fig). This yields more reliable 99

mean climatologies (S1 Text) and has no impact on the emulator’s parameter estimates 100

(next section, S4 Fig). In contrast to the volcanic forcing of varying intensity, each 101

member of the climatological control ensemble experiences the median event of one of 102

the stochastically forced simulations. This yields an ensemble of background 103

climatologies without the timely varying volcanic influence on climate variability. 104

Our goal with the emulator is to derive a time-stable and more realistic uncertainty 105

envelope for SSP storylines. We therefore divide the selected PalVolv1 realization into 106

time series segments of 185 years. We cut 300 members out of the time frame 107

79.000–23.500 before present. Each of these are then fed into the Easy Volcanic Aerosol 108

(EVA) forcing generator [23]. EVA employs a three-box parametrization of aerosol 109

transport in the stratosphere and a simple scaling relationship between aerosol mass 110

and AOD to convert aerosol load, timing, and location of volcanic eruptions into aerosol 111

optical properties by latitude and radiative band [23]. The ensemble median 112

stratospheric AOD at 550 nm is 0.014, closely matching the constant mean AOD value 113

assumed for 2015–2100 in CMIP7 [6] and the median of the stochastic forcing ensemble 114

used by Chim et al. (2025) [2] to drive their global impulse–response function approach. 115
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Separating internal climate variability and forced response of the 116

simulated surface air temperature 117

We expand the two-box emulator approach of Schillinger et al. (2022) [15] to 118

spatiotemporal data. For this purpose, we decompose the simulated temperature data 119

into empirical orthogonal functions (EOFs, S2 Fig) and fit a stochastic EBM to the 120

resulting principal components of variability. EOFs are a standard approach for 121

reducing the dimensionality of spatiotemporal data [24]. Essentially, the EOF method 122

uses spatiotemporal covariance in the data to perform a base decomposition into 123

dominant and orthogonal spatial modes. Each mode is associated with a time series 124

(“principal component”) representing the variations of that mode. For our study, we 125

perform a decomposition into ten spatial modes and principal components using the 126

entire annually averaged surface air temperature dataset from MPI-ESM simulations 127

with intermittent aerosol forcing from 2015 to 2200 (S1 Fig). These ten orthogonal 128

modes capture 69% of the variability contained in the data. The first seven modes 129

already account for 66% of the overall variance. This truncation results in a root mean 130

square error (RMSE) of 0.3K averaged over space and time. After the spatial 131

decomposition we linearly regress relevant principal component time series onto the 132

CO2-forcing and subtract CO2 trends from principal component time series (S1 Fig). 133

Finally, we fit the two-box EBM on each principal component to separate the forced 134

response to external volcanic forcing from internal variability (S1 Fig, S3 Fig). For this 135

step, we employ the ClimBayes package [15], with prior ranges and parameters of the 136

fitting algorithm as documented in S1 Table and the original publication. The stochastic 137

model resolves space implicitly through the upstream EOF decomposition. Therefore, 138

as input for the EBM, we globally average the latitudinally resolved ESM forcing and 139

limit it to the 550 nm band (441.5–625 nm). We conduct the Bayesian inference step [15] 140

separately for each forcing realization, yielding an ensemble of EBM parameters for each 141

principal component (S4 Fig). These parameters describe the dynamics of the principal 142

components and are consequently dimensionless. However, they still provide insights 143

into the characteristic physical timescales and (thermo-)dynamic inertia of the spatial 144

modes (S4 Fig). In addition, comparing the parameters between different realizations 145

confirms that the EBM fitting is stable across them (S4 Fig), justifying using the 146

median value of each EBM parameter for projections. 147

We exploit the fitted EBM in two ways. The first separates the internal and forced 148

components of surface air temperature fields by recombining the EOFs with either the 149

forced or internal contributions to the principal components. Core to the stochastic 150

EBM, this assumes additivity of the forced and internal variability components. The 151

second turns the fitted EBM into an emulator of the MPI-ESM forced response to 152

intermittent volcanic forcing by inverting it with new forcing realizations and 153

recombining the spatiotemporal decomposition (S1 Figb). Since we focus on the effects 154

of volcanic forcing in both cases and not those of CO2, we report the internal variability 155

component with the longer-term CO2 trend included, even though CO2 emissions are 156

also an external forcing. This design choice ensures that all variability components 157

presented in the figures add up to the original variability. The average RMSE is 0.019K 158

between the inverted EBM and the recombined EOF truncation, and 0.027K when 159

comparing the ten-year mean response after the 30% strongest volcanic events between 160

the fit and the ESM simulations. 161

We define the uncertainty q(t) of regional and global future projections as the 95% 162

inter-quartile range of a simulation ensemble at time t with inter-quartile range qj 163

qj = qu−l(t) = qu(t)− ql(t)

February 11, 2026 4/17

This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


and the specific case 164

q(t) := q97.5−2.5(t) = q97.5(t)− q2.5(t)

where the lower and upper linear empirical sample quantiles ql and qu are set to the 165

2.5th and 97.5th quantile, respectively. In our convention, this uncertainty envelope 166

encompasses both the forced and internal variability components. We denote the 167

uncertainty envelope qint if the forced response has been excluded. 168

Estimating the additional uncertainty of regional and global 169

carbon fluxes and their climatic drivers due to volcanic forcing 170

We provide a first-order estimate of the supplementary uncertainty that intermittent 171

volcanic forcing adds to natural carbon fluxes at regional and global levels. To achieve 172

this, we propagate the uncertainty increase relative to internal variability – which was 173

determined explicitly for surface air temperature – by weighting it according to the 174

shared variance between carbon fluxes and climatic drivers. Here, we assume surface air 175

temperature (T ) and the hydrological cycle are the predominant drivers of (terrestrial) 176

vegetation productivity (fGPP ) and (terrestrial+marine) net CO2 uptake into natural 177

sinks (fnat). We consider either precipitation (P ) or soil moisture (M) as proxies for 178

hydrological conditions. The shared variance between observables i, j is defined by the 179

Pearson correlation ρ. 180

rixj = ρ (xi, xj)
2

For the regional analysis, we determine shared variances rixj for each region using 181

annually averaged data. On the global scale, a variable windowing takes place when 182

necessary (next section). 183

Based on the ratio between forced+internal and internal temperature uncertainty, 184

and assuming the shared variance does not change substantially over the time interval 185

of interest, the relative change ∆rqi = qi/qint
i − 1 in precipitation uncertainty is 186

∆rqP = ∆rqT · rT xP

The computation for soil moisture as the hydrological proxy is analogous. For the 187

carbon fluxes, illustrated for fGPP below, we assume that temperature and 188

hydroclimate contribute additively without overlapping. 189

∆rqfGPP
= ∆rqT · rT xfGPP

+∆rqP · rP xfGPP

= ∆rqT ·
(
rT xfGPP

+ rT xP · rP xfGPP

)
This simplification is adequate for a first-order estimate since typically either 190

temperature or moisture exerts dominant control over regional vegetation productivity, 191

but not both simultaneously. The correlation between precipitation and the 192

ocean–atmosphere carbon flux is negligible in the first place. We compare uncertainty 193

changes to the total annual carbon fluxes
[
fGPP

]
,
[
fnat

]
by rescaling the relative 194

uncertainty change with respect to internal variability using the ratio between internal 195

variability and total fluxes. 196

∆rqfGPP
·
qintfGPP[
fGPP

] =
qfGPP

− qintfGPP[
fGPP

]
Estimates of increased SSP uncertainty 197

Deriving global uncertainty cones along the SSP pathway relies on the same reasoning. 198

However, instead of scaling only uncertainties defined by inter-quartile ranges, we 199
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perform an empirical quartile transformation of the MPI-ESM grand ensemble’s [25] 200

unforced uncertainty distributions. This extension accounts for asymmetries in the 201

distributions when propagating increased uncertainty through additional variability 202

components. As a first step, we diagnose the relative difference in each inter-quartile 203

range qj between T in our emulated ensemble with intermittent volcanic forcing and T 204

in our control ensemble (index j subsequently dropped for readability). As before, the 205

propagated uncertainty increase δqi for the first- and second-order response variables 206

(i ∈ {P,M, fGPP , fnat}) results from their shared variances (index i subsequently 207

dropped). 208

δq = ∆rq · qint

Next, for each of those variables, we calibrate the quartile transformation based on 209

simulations with intermittent forcing and the control ensemble using a weighting factor 210

au 211

au =
qvu −mv

mv − qvl
· m

c − qcl
qcu −mc

where mv, mc are the medians of the volcano-forced and the control case, respectively. 212

au captures the contributions of a shifting upper quartile qu and lower quartile ql to the 213

change in inter-quartile range δq. The contribution of qu is given by 214

ãju =
aju

1 + aju

and of ql by 215

ãjl =
1

1 + aju

Then, the transformed quartiles are given by 216

qu = qcu + δq · ãu
ql = qcl − δq · ãl

S13 Fig displays the resulting distributions for different timescales. These uncertainty 217

estimates are rather conservative, since we calibrate the quartile transformation on the 218

relationship between simulations with intermittent volcanic forcing and median event 219

forcing (control), but apply it to the MPI-ESM grand ensemble [25], which does not 220

include varying volcanic forcing (also no median event). While sub-decadal variability 221

dominates the overall uncertainty distributions, varying volcanic forcing stimulates 222

multi-annual to multi-decadal climate in particular, which is reflected in 223

overproportionally high relative uncertainty increase on these time scales (S13 Fig). 224

Computing power spectra and variance ratios 225

Power spectra provide insight into the relative importance of variations on specific 226

timescales for the overall variability of a variable. Mathematically, the power spectral 227

density (PSD) is the Fourier transform of a time series’ autocovariance function. To 228

minimize artefacts when computing power spectra, the multitaper approach has proven 229

reliable and superior to non-parametric approaches. Here, we employ it in the same way 230

as Ellerhoff et al. (2021) [26] to compute the PSD with corresponding uncertainties. 231

Similar to Schillinger et al. (2022) [15], the PSD is smoothed logarithmically with a 232

Gaussian kernel of 0.04 dB. To obtain timescale dependent variance ratios, we divide 233

the PSD estimate of interest by that of the baseline experiment and propagate the 234

uncertainties based on the PSD’s degrees of freedom following Ellerhoff et al. (2021) [26]. 235
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Computation of the relative global variance increase σ̂2 differs by variable. For the 236

global mean surface air temperature, we infer it directly from the variance ratio of 237

forced realizations to the model’s internal variability 238

σ̂2(τ) =
σ2
forced

σ2
internal

(τ)− 1

Increases in variance of the remaining variables build on propagating this temperature 239

uncertainty on logarithmically spaced time intervals with the shared variance approach. 240

For this purpose, we first apply a Gaussian bandpass filter to the global time series for 241

each time interval and compute the shared variance. We use these time-scale-dependent 242

values to compute the scaling factors described in the previous section. 243

Results 244

Increased multi-annual to -decadal climate and biosphere 245

variability along the temperature overshoot 246

We investigate intermittent aerosol forcing’s potential to shift the timing of net-zero 247

emissions along an overshoot pathway (Fig. 1a). Our simulations show volcanic aerosols 248

reduce energy input over most land and many ocean regions (S7 Figc), causing almost 249

universal cooling, particularly over land and in mid- to high-latitudes (S7 Fig, S1 Text). 250

A belt from the Sahara to India diverges, showing increasing top-of-atmosphere 251

radiative forcing from shifting circulation and cloud patterns (S7 Figc, e; S8 Figa). 252

Hydroclimate responses to eruptions are spatially heterogeneous, with weakened 253

equatorial precipitation systems and strengthening over the southern Indian Ocean and 254

North Atlantic, suggesting dynamic and thermodynamic adjustments (S1 Text). 255

Fig 1. Volcanic-induced temperature variability relative to unforced internal
variability. (a) Median values (lines) and 95%-confidence intervals (shading) for
ensembles of ESM-modeled (pink) and emulated (red) global mean annual surface
temperature (GMSAT) compared to the unforced variability component (blue). The
emulated ensemble yields stable uncertainty estimates. (b) Additional SAT variability
affects much of the world population, who are exposed to increasing uncertainty due to
additional regional surface air temperature variability (relative to unforced variability).
(c) Many IPCC regions [27], particularly in low-to mid-latitudes where inter-quartile
ranges (IQR) of unforced surface air temperature variability are comparably low (left
bars), experience a high relative increase of temperature variability through sporadic
volcanic events (*, right bars).

Vegetation productivity anomalies and net carbon uptake relate to soil-moisture 256

anomalies and are spatially confined (S8 Figb, c; S7 Figf). Following eruptions, 257

equatorial Africa’s vegetation productivity decreases due to changes in radiative and 258

climatic drivers, but net carbon uptake into natural sinks increases locally. This is due 259

to simulated slowing of soil organic matter decomposition under cooler, less humid 260

conditions. In mid-latitudes (southern Africa, North America, parts of Eurasia), by 261

contrast, intermittent volcanic forcing reduces natural carbon uptake. Here, 262

precipitation surplus stimulates organic matter decomposition, which is not outweighed 263

by increasing vegetation productivity (S8 Figc). 264

Climatological variables (precipitation, temperature, soil moisture) exhibit strong 265

multi-annual to decadal variability increases under volcanic forcing (S7 Fig). The 266

variability increase of GPP fluxes and net carbon uptake is lower but still substantial 267

(ensemble spread +49% for GPP; 35% for net carbon uptake). This effect scales with 268
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the aerosol load released within the averaging period. Differences in power spectral 269

density are smaller for carbon flux than abiotic variables (S7 Figb, S9 Fig). On 270

multi-annual timescales, net carbon uptake into natural sinks is slightly lower and, over 271

15–20 years, more variable in the forced ensemble. Significant spectral density 272

differences persist for 11–18- and 23–28-year timescales in the global GPP flux. 273

Increasingly uncertain regional temperature pathways 274

Volcanic forcing increases multi-annual to multi-decadal temperature variability in 275

future environmental and climatological projections. Consequently, uncertainty in the 276

temperature pathway, which depends on the forcing’s realization, increases. Across our 277

300-member ensemble, aerosol forcing increases the global mean temperature pathway’s 278

uncertainty envelope by a time-average of 0.32 K versus internal variability drawing on 279

the emulation (Fig. 1a). The eight-member ESM ensemble shows an 0.20 K increase in 280

average uncertainty, indicating an 89% uncertainty growth in the global temperature 281

pathway for the 300-member ensemble and 56% for the simulation ensemble (Fig. 1c, 282

legend). Simulated and emulated results suggest consistent regional heterogeneity in 283

surface air temperature variability increases (Fig. 1). Consequently, under realistic 284

volcanic forcing, around half the world population faces a 50%+ increase in expected 285

regional mean annual surface air temperature variability (Fig. 1b), mainly due to 286

increased variability in eastern, southeastern, and central Asia. 287

Subtropical regions and mid-latitudes witness the highest relative increases over land 288

and oceans (Fig. 1c). However, absolute uncertainties are about an order of magnitude 289

smaller over oceans than on continents because the land-sea contrast in thermodynamic 290

inertia causes lower unforced variability over waters. Intermittent aerosol forcing most 291

strongly impacts regional temperature uncertainty relative to the unforced variability in 292

a region spanning from northern Africa and the Mediterranean through central Eurasia 293

to eastern Asia (Fig. 1c). In these regions, relative uncertainty rises between 68% to 294

99%, matching the near doubling globally. This trend is also evident in northern-central 295

America (95% relative increase), southeastern South America (78%), and over the 296

oceans (42% – 119%), excluding the Equatorial Pacific and Polar Oceans. In polar 297

regions, South America and much of the northern hemisphere, internal climate 298

variability is high, with volcanic forcing adding further minor uncertainty. Where 299

internal climate variability is lower but substantial (e.g., in central North America, 300

South Africa, northern Australia), volcanic-induced forced variability almost doubles it. 301

Heightened uncertainty in regional and global carbon fluxes with 302

consequences for climate stabilization and net-zero pathways 303

We propagate the additional variability due to expected intermittent volcanic forcing 304

using high correlations between climatic drivers and carbon flux responses (Fig. 2a-c, e) 305

using a conservative, shared variance approach, which combines regional correlations 306

with two levels of driver and response variables (Data and methods). Volcanic impacts 307

start out with radiative imbalance as external forcing. This correlates mostly positively 308

with surface air temperature (Fig. 2a). By first order, surface air temperature, emulated 309

as the forced response to the radiative forcing from volcanic events, drives precipitation 310

(Fig. 2b) and natural carbon fluxes (Fig. 2c, S10 Fig). Outside high-latitudes and 311

eastern Asia, regional temperature–precipitation correlations are negative over land due 312

to evapotranspiration feedbacks [28,29]. Over oceans, volcanic-induced temperature and 313

precipitation changes correlate positively, since temperature controls evaporation [29]. 314

Equatorial Atlantic is an exception, showing a negative correlation due to its ties to 315

neighboring landmasses. Surface air temperature inversely correlates with GPP in 316

virtually the same regions (Fig. 2c), whereas precipitation correlates positively with 317
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GPP, coinciding with a dominant moisture control on vegetation (Fig. 2e). Strong 318

temperature control accompanies positive temperature–GPP correlations (e.g., in the 319

northern hemisphere’s mid- to high-latitudes, eastern Asia, North America’s eastern 320

coast, southwestern and southern South America, New Zealand), so precipitation weakly 321

or inversely correlates with GPP here. Generally, GPP reponses depend more directly 322

on soil moisture than precipitation. Considering soil moisture as a climatic driver 323

strengthens the anti-correlation with GPP in high—latitudes, but yields similar shared 324

variances elsewhere (Fig. S11 Fig). 325

Fig 2. Shared variances between climatic drivers and GPP, and the resulting
supplementary GPP uncertainty from intermittent volcanic forcing in all
IPCC regions. (a–c, e) Driver–response correlations of regional mean time series
averaged over the simulation ensemble with long-term trends removed. To propagate
supplementary uncertainty of intermittent aerosol forcing up to GPP, the first-order
temperature response to external radiative forcing is explicitly emulated. Second- and
third-order responses are estimated with the shared variance approach (Data and
methods). (d) Increase in the 2.5–to–97.5% inter-quartile range of regional GPP fluxes
relative to spread from internal variability.

By propagating the additional variability of the regional temperature pathway 326

through pair-wise regional correlations (Data and methods), we obtain increased 327

uncertainties of regional GPP fluxes (Fig. 2d) and net uptake (S10 Fig). Substantial 328

GPP uncertainty increases are comparably localized, particularly in subtropical and 329

some temperate regions, most notably in eastern Asia (25% relative to internal), 330

northern Central America (26%), and northern and central Australia (22% to 40%). 331

Relative uncertainty rises by 15% in northern South America, 15% in southern Asia, 332

18%–21% in southern Africa, and 13% in the Mediterranean. While the shared 333

variance approach suggests GPP flux uncertainty increases substantially, it remains 334

small compared to total regional GPP turnover (S12 Fig). 335

The propagated uncertainty increase of net carbon uptake is substantial when 336

compared to the total annual uptake particularly over land (S12 Fig). Across low and 337

mid-latitude regions, it reaches a 35% median, due to high variability in regional carbon 338

sinks relative to net carbon uptake. We also obtain uncertainty estimates for oceans. 339

Since CO2 water-solubility is temperature-dependent, the pattern and magnitude of the 340

oceanic impacts follow regional temperature uncertainty (S10 Fig, +2–17% over some 341

non-polar oceans). Despite their varying influence on total annual flux rates, the spatial 342

patterns and magnitude of propagated uncertainty relative to the internal component 343

align closely with the GPP flux (median of land regions 5.7%, maximum 34%; Fig. 2, 344

S10 Fig). 345

The additional variability impact from climatic drivers on the carbon cycle response 346

is timescale dependent (Fig. 3). Concerning climatic drivers, the variance increases 347

prominently by up to 114% in global mean surface air temperature on 348

forcing-dominated timescales, with a large ensemble spread of 69%–165% (95% range). 349

The propagated variance increase for global precipitation is similar but muted, peaking 350

at an 87% variability increase (50%–128%). This muting is expected given the share of 351

precipitation variability not temperature correlated. Notably, muting is more 352

pronounced on multi-annual to decadal timescales than for multi-decadal variability 353

modes. Differing covariance characteristics between vegetation productivity, net carbon 354

uptake, and the two climatic driver variables considered here (Fig. 2, S10 Fig) lead to 355

differences between vegetation productivity and net carbon uptake. The maximum 356

variance increase is 42% (25–60%) at 10–20 year timescales, while vegetation 357

productivity shows 47% (20%–78%) across 20–30 years (Fig. 3). 358

Variability in the Earth system from intermittent volcanic forcing increases SSP 359
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Fig 3. Time-scale dependence of global variance increase from intermittent
volcanic forcing for mean surface air temperature, annual precipitation,
GPP flux, and net natural carbon uptake. Values are relative to internal
variability. Temperature variance increase is directly emulated, while precipitation,
GPP and natural carbon flux are inferred indirectly (Data and methods). Thick lines
mark the ensemble mean; shading and thin lines indicate the 95%-confidence range.

storyline uncertainty (Fig. 4). Notably, stabilizing global climate and achieving net-zero 360

emissions can be delayed or accelerated (Fig. 4a, d). A wider uncertainty envelope 361

implies a higher probability that a single realization will deviate farther from the 362

ensemble mean pathway. Global mean surface air temperature and global precipitation 363

show predominantly negative excursions arising from the cooling effect of stratospheric 364

aerosols and the Clausius–Clapeyron relationship. This asymmetry makes it more likely 365

to exceed global warming targets later when volcanic eruptions occur (Fig. 4a). Equally, 366

a realization is more likely to temporarily reach or undercut a global warming target 367

early in stabilization or after overshooting it (Fig. 4, Fig. 4a). However, volcanic events 368

are sporadic, so realizations do not always follow a cool pathway even if they reach 369

comparably cool temperatures or high natural carbon uptake. 370

Fig 4. Increased variability along future global climate and carbon cycle
pathways from volcanic forcing. (a) Mean surface air temperature anomaly, (b)
mean precipitation, (c) annual GPP flux, (d) net annual carbon uptake into terrestrial
and marine sinks for 50-member MPI-ESM ensembles of the SSPs 1-2.6, 2-4.5, and
5-8.5 [25] as indicated. Solid lines represent the ensemble mean. Shading indicates the
95% ensemble spread without volcanic forcing (no VF, colored) and with intermittent
volcanic forcing (IVF, gray). Estimates of increased uncertainty employ the shared
variance approach (Data and methods) corrected for slight differences between the
internal variability of the 50-member ensembles and that diagnosed by the emulator for
the explicitly forced IVF ensemble. Markers in (a) indicate the raised likelihood for a
delayed surpassing of a global warming target. In (d), they illustrate the increased
likelihood of more effective (5-8.5) and less effective natural carbon sinks (1-2.6).

Owing to spatially varied hydrological cycle responses to global cooling, additional 371

variability in the global GPP pathway and net uptake is not unidirectional (Fig. 4c). 372

Considering intermittent volcanic forcing increases the likelihood that natural carbon 373

sinks, which buffer anthropogenic emissions, will vary more strongly in effectiveness 374

(Fig. 4d). Intermittent volcanic forcing can both delay and advance achieving global 375

net-zero emissions by modulating natural carbon sink efficacy. 376

Discussion 377

Marine and terrestrial carbon sinks buffer a substantial share of CO2 emissions in future 378

climate pathways. For many mid- and low-latitude regions, our results suggest 379

intermittent volcanic forcing increases net carbon uptake uncertainty on land by 35%+ 380

relative to net annual uptake averaged over the scenario’s CO2 rise and peak phases 381

where uptake is highest (S7 Fig). Globally, we find a 34% increase in the uncertainty 382

envelope using a conservative estimation technique that aggregates only the uncertainty 383

increase explained linearly through covariance. Volcanic eruptions could both advance 384

and delay reaching net-zero carbon emissions by altering natural carbon sink 385

efficacy [30]. These sinks are pivotal in climate stabilization scenarios, with increased 386

uncertainty impacting net-zero or net-negative emissions planning and limiting 387

February 11, 2026 10/17

This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


planetary temperature rise. Accounting for and communicating net-zero’s lower 388

temporal certainty in state–of–the–art climate projections is crucial for avoiding 389

misconceptions about knowns and unknowns regarding CO2-driven climate change. 390

Carbon flux uncertainty originates from increased temperature and hydroclimate 391

variability. Our global temperature uncertainty increase estimate (0.32K, 89% of the 392

internal component) is comparable to estimates by Chim et al. (2025) [2] (0.3K, 100%) 393

but exceeds Bethke et al. (2017) [1] (0.2K, 50%). The differences stem from 394

MPI-ESM’s higher climate sensitivity than the NorESM model [31] employed by Bethke 395

et al. (2017) [1]. Our study accounts for under sampling of smaller volcanic events in 396

ice-core records (Data and methods). The smaller 60-member ensemble in Bethke et al. 397

(2017) [1] could cause a negative bias of 0.02 to 0.05K (S6 Fig). Our results suggest 398

that ensemble sizes of 150+ members ensure convergence and time-stable uncertainty 399

estimates (S2 Text, Fig. S6 Fig). 400

Our results reveal substantial spatial heterogeneity. Annual mean surface air 401

temperature uncertainty increases of at least 50% affect half the global population [32], 402

particularly across Asia, Central America, Africa, and Australia. Contributing factors 403

likely include the many active volcanoes near the equator, modulating circulation 404

patterns, and land–sea contrasts after outbreaks. Given the links between mean 405

temperature, temperature and hydroclimate variability, and weather extremes, future 406

research should explore how increased regional uncertainty affects the probability of 407

severe extremes and how societies should adapt. Uncertainty increases at or well above 408

35% of net (terrestrial) carbon uptake, especially in subtropical regions, suggest 409

hydroclimate shifts after volcanic events increase carbon flux uncertainty. The 410

subtropics substantially contribute to the land carbon sinks and play a key role in 411

shaping its variability [33]. 412

Our ESM emulator can reproduce internal and forced variability consistent with 413

MPI-ESM’s response to varying aerosol forcing, presenting an optimized complexity 414

design between large, comprehensive simulation ensembles with intermittent aerosol 415

forcing, and standard ScenarioMIP projections with constant mean aerosol forcing 416

envisaged in CMIP7 [6]. Fitting and inverting the emulator requires fewer 417

computational resources than running the full-scale model repeatedly and reliably 418

reproduces key spatial and temporal characteristics. We utilized eight 185-year explicit 419

ESM simulations to estimate the emulator’s parameters, which vary only slightly (S4 420

Fig). Meanwhile, the underlying inference algorithm performs well even for a single, 421

sufficiently long, realization [15]. We expect this will enable the inferring of statistically 422

stable multi-model uncertainty envelopes from a single to few stochastically forced, 423

multi-event runs per model, not limited to, but ideally with interactive stratospheric 424

aerosols [34]. 425

We propagate regional uncertainties from climatic drivers via shared variances into 426

carbon fluxes. Emulating spatiotemporal carbon fluxes directly requires adjusting our 427

emulator since Schillinger et al. (2022) [15]’s algorithm assumes Gaussian-distributed 428

variables. Our emulator uses truncated Empirical Orthogonal Functions (Data and 429

methods), which omit some polar-region variability. This could be reduced by increasing 430

the traceable orthogonal modes or exploring other dimensionality reduction approaches. 431

Our approach adapts seamlessly to model improvements and various model setups, 432

scenarios, or forcing datasets. This makes it ideal for augmenting diverse, multi-source 433

datasets with an uncertainty envelope from sporadic volcanic forcing with low effort. 434

We assume future eruptions occur with similar frequency as in the past. Magnitudes 435

and timings of past eruptions as analogues for future events can only be approximate. 436

Eruption frequency and their climate impact could change under warming due to 437

isostatic adjustments from ice sheet melt, more frequent heavy precipitation, sea level 438

rise, and circulation changes [35,36]. Expanding the paleo record and employing it to 439
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improve ESM accuracy [35] could improve the model representation of state- and 440

pathway-dependent dynamics. Our approach can adapt to improvements that alter 441

climate sensitivity by adjusting the box model’s response parameters (Data and 442

methods). It could also identify state-dependent sensitivities of (paleo-)data and 443

models [3], and differentiate between consequences for internal climate variability and 444

forced response. 445

Our estimates of supplementary future natural carbon uptake variability could be 446

influenced by inaccurately represented carbon flux dynamics and biosphere–climate 447

interactions in our emulator and the underlying MPI-ESM. Over the historical period, 448

global variability of net uptake and GPP flux in MPI-ESM corresponds with the global 449

carbon budget [37]. Yet over the last few thousand years, MPI-ESM, like most ESMs, 450

displays less regional variability than reconstructions [38]. Our sensitivity experiments 451

explored whether (negative) vapor and (positive) sensible heat feedback could increase 452

multi-annual and multi-decadal internal temperature variability components without 453

changing the forced response to volcanic events (S3 Text, S16 Fig). Too low internal 454

variability of surface temperature and terrestrial carbon fluxes could shift the increased 455

uncertainty envelope’s relative importance. The vegetation model tends to 456

underestimate the compounding multi-annual to decadal effects of consecutive volcanic 457

events on the moisture budget (S2 Text), possibly leading to a low bias in vegetation 458

productivity and soil respiration responses. These effects are unlikely to qualitatively 459

alter the Earth system’s response to intermittent aerosol forcing but highlight 460

limitations of ESMs in capturing variability. Future research could therefore explore 461

how varying parametrizations of surface–atmosphere interactions affects climate 462

stability and the Earth system’s forced response to sporadic volcanic aerosol emissions. 463

In conclusion, we determined the supplementary uncertainty in global and regional 464

surface climate and carbon fluxes resulting from realistically varying volcanic aerosol 465

concentrations during a temperature overshoot. In our ensemble, intermittent forcing 466

increased global mean annual temperature uncertainty by 89% relative to internal 467

variability, and we inferred a 34% uncertainty rise in global annual carbon uptake into 468

natural sinks. This implies achieving net-zero CO2 emissions and the 2 °C target can be 469

delayed or accelerated through stratospheric aerosol forcing, underscoring its necessary 470

inclusion in climate stabilization pathway estimates. Our scaling factors provide a 471

first-order estimate of supplementary uncertainty due to intermittent aerosol forcing for 472

any projection pathway or model configuration. We suggest operationalizing such 473

emulators to enhance future climate assessments encompassing forced responses to 474

volcanic eruptions, or for exploring geoengineering pathways relying on stratospheric 475

aerosol injections. 476
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