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Volcanic forcing degrades multiyear-to-decadal
prediction skill in the tropical Pacific
Xian Wu*, Stephen G. Yeager, Clara Deser, Nan Rosenbloom, Gerald A. Meehl

Volcanic aerosol forcing can affect global climate, but its role in climate prediction remains poorly understood.
We isolate the impact of volcanic eruptions on multiyear-to-decadal climate prediction skill by comparing two
suites of initialized decadal hindcasts conducted with and without historical volcanic forcing. Unexpectedly, the
inclusion of volcanic forcing in the prediction system significantly degrades the forecast skill of detrended mul-
tiyear-to-decadal sea surface temperature (SST) variability in the central-eastern tropical Pacific. The ensemble
mean hindcasts produce multiyear-to-decadal tropical Pacific SST cooling in response to large tropical volcanic
eruptions through thermodynamic and El Niño–Southern Oscillation (ENSO)–like dynamic processes. However,
in observations, these eruptions coincided with tropical Pacific warming, which is well predicted by the no-
volcano hindcasts and, hence, is likely related to internal climate variability. Improved model representation
of volcanic response and its interaction with internal climate variability is required to advance prediction of
tropical Pacific decadal variability and associated global impacts.
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INTRODUCTION
Large volcanic eruptions affect the global climate system by inject-
ing sulfur gases into the stratosphere, where they are converted into
stratospheric sulfate aerosols that modulate atmospheric radiative
and dynamical processes (1, 2). The volcanic influence has been de-
tected in a wide range of atmosphere (3–6), ocean (7–10), land, and
sea ice variables (8, 9) on seasonal-to-multidecadal time scales.
These volcanic impacts can be obscured by internal climate variabil-
ity (11) and are often challenging to isolate because of the limited
number of large volcanic eruptions over short modern instrumental
records (since ~1850) and the lack of measurements of stratospheric
volcanic sulfate aerosol before the satellite era (1). For example, the
global mean surface temperature (GMST) cooling, one of the most
prominent climate responses to volcanic eruptions, can be masked
by the warming effect of El Niño events or amplified by the cooling
effect of La Niña events that happen to occur as part of the intrinsic
El Niño–Southern Oscillation (ENSO) phenomenon (12–16). Pale-
oclimate data and climatemodel experiments have been widely used
to deduce statistically significant volcanic impacts, but there are still
many sources of uncertainty that cloud our understanding of the
climate response to volcanoes. These include, but are not limited
to, large disagreements among different paleoclimate reconstruc-
tions (17, 18), model disagreements and deficiencies in simulating
volcanic responses (4, 19–22), and uncertainties in estimating the
observed volcanic forcing (23, 24).

Given the hypothesized strong climate forcing, volcanic erup-
tions could provide an important source of predictability for post-
eruption climate evolution. Historical volcanic aerosol forcing has
been incorporated into the CoupledModel Intercomparison Project
5/6 (CMIP5/6) initialized decadal hindcasts to facilitate direct com-
parison with uninitialized historical simulations (25, 26). We note
that, in practice, volcanic eruptions cannot be reliably predicted in
advance, and this increases the uncertainty of real-time predictions
and future climate projections (5, 27). To isolate the impact of

volcanic eruptions on decadal predictions, the CMIP6 Decadal
Climate Prediction Project protocol included an experiment to
repeat hindcasts initialized in 1963, 1982, and 1991 without the
aerosol forcing from the Agung, El Chichón, and Pinatubo erup-
tions, respectively (26). By comparing the predictions with and
without volcanic forcing for these selected dates, a recent study
(28) showed that volcanic forcing can robustly affect the predictions
of many climate variability modes. However, relating the predicted
volcanic response to observations is complicated by model deficien-
cies in simulating volcanic responses and/or by the presence of in-
ternal variability in nature. For example, the decadal prediction skill
of CMIP5 models for tropical Pacific sea surface temperature (SST)
anomalies was hypothesized to be decreased by the Pinatubo
forcing because of the discrepancy between the multimodel mean
volcanic response and strong internal variability in observa-
tions (29).

Except for a few case studies (28–30), it remains largely unex-
plored and unclear how volcanic forcing interacts with internal
climate variability to modify the prediction skill of multiyear-to-
decadal climate variability. In the present study, we investigate the
volcanic effect on near-term (annual-to-decadal time scale) predic-
tions by comparing the Community Earth System Model version 1
(CESM1) Decadal Prediction Large Ensemble (DPLE) (31) with a
parallel set that excludes historical volcanic forcing (DPLE_No-
Volc) over the period 1954–2015 (see Materials and Methods).
This comparison allows for a comprehensive assessment of the in-
fluence of large volcanic eruptions on multiyear-to-decadal predic-
tion skill over the past 60 years, including skill dependence on lead
time and background conditions. The ensemble prediction frame-
work offers a unique perspective for examining the realism of sim-
ulated volcanic impacts and unraveling the factors contributing to
discrepancies between model and observations.
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RESULTS
Volcanic impacts on the multiyear-to-decadal prediction
skill of CESM1
We assess the volcanic effect on the pentadal to decadal prediction
skill of global SST and land surface air temperature (SAT) by com-
paring the anomaly correlation coefficient (ACC) of DPLE with the
ACCof DPLE_NoVolc at forecast years 1 to 5 (FY1–5), FY6–10, and
FY1–10 over the period 1954–2015 (Fig. 1, A to I). Here, we focus on
predictions of quadratically detrended surface temperature time
series to highlight skill at predicting variations about the long-
term background anthropogenic climate change signal. Results
remain very similar if we use linear detrending to remove forced

climate change (fig. S1), while removing the ensemble mean of un-
initialized simulations at each time step will also remove the volca-
nic response and is not a preferred method here (fig. S2 and
Materials and Methods). The high ACCs for non-detrended data
show little difference between DPLE and DPLE_NoVolc nearly ev-
erywhere, as they are dominated by the anthropogenic trend (fig.
S3). DPLE and DPLE_NoVolc show statistically significant ACC
differences at the 90% confidence level (Materials and Methods)
for detrended surface temperature over many regions (Fig. 1, A to
I). In particular, the ACC is degraded in DPLE compared to
DPLE_NoVolc over the central tropical Pacific and along the west
coast of Mexico by up to ~0.3 for FY1–5 (Fig. 1G), ~0.8 for FY6–10

Fig. 1. Volcanic impact on the prediction skill of quadratically detrended multiyear-to-decadal surface temperatures. Anomaly correlation coefficient (ACC)of
quadratically detrended annual sea surface temperature (SST) and surface air temperature (SAT) over land at FY1–5, FY6–10, and FY1–10 (from left to right columns)
during 1955–2015 for (A to C) DPLE, (D to F) Decadal Prediction Large Ensemble (DPLE)_NoVolc [verified against the Extended Reconstruction Sea Surface Temperature
version 5 (ERSSTv5) and Berkeley Earth Surface Temperature data], and (G to I) their difference (DPLE minus DPLE_NoVolc). The stippling indicates insignificant values at
the 90% confidence level based on bootstrapping across both time and ensemble members (see Materials and Methods). (J) ACC of quadratically detrended central-
eastern tropical Pacific SST [20°S to 20°N, 160°E to 80°W; the region is denoted by the black box in (I)] as a function of lead time intervals corresponding to 1- to 10-year
averages for DPLE (blue curves), DPLE_NoVolc (orange curves), and Large Ensemble (LE) (green lines). Colored shading denotes the 10th to 90th percentile ranges of ACC
based on 5000 bootstrapped ensemble means from randomly sampled 10-member ensembles, while the curves show ACC for the full ensembles (40, 10, and 40
members for DPLE, DPLE_NoVolc, and LE, respectively).
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(Fig. 1H), and ~0.6 for FY1–10 (Fig. 1I). In contrast, the ACC is im-
proved over the western tropical Pacific at all three lead times when
volcanic forcing is included. DPLE_NoVolc shows a high skill
(ACC > 0.5) in predicting detrended pentadal SST anomalies over
0 to 20°N in the tropical Pacific and positive ACC in the central-
eastern tropical Pacific (Fig. 1, D to F), a region that has stood
out as showing low skill in CMIP5/6 decadal prediction systems
(32, 33). In addition to the tropical Pacific, volcanic forcing signifi-
cantly affects the ACC of detrended SAT over many land regions,
including South Asia, tropical Africa, South America, and South
Africa (Fig. 1, G to I), but the magnitude and significance of
these influences vary with lead time. The rest of the paper will
focus on the volcanic influence on tropical Pacific SST predic-
tion skill.

The sensitivities to lead time and temporal averaging are ex-
plored by comparing the ACC for detrended SST anomalies aver-
aged over the central-eastern tropical Pacific (20°S to 20°N, 160°E
to 80°W) as a function of lead time and averaging interval (Fig. 1J).
We focus on the central-eastern tropical Pacific to encompass the
area that is not only significantly influenced by volcanic forcing
(Fig. 1, G to I) but also shows positive correlation skill in the
DPLE_NoVolc (Fig. 1, D to F). The results remain similar if we
use a smaller region over the central tropical Pacific, which shows
the strongest volcanic influence (fig. S4B). DPLE shows either com-
parable or significantly lower ACC than DPLE_NoVolc for all lead
times and averaging intervals, but the magnitude of skill difference
depends on these verification choices. For 1- and 2-year averages
close to initialization (e.g., FY1, FY2, FY1 and FY2, and FY1–3),
DPLE and DPLE_NoVolc show very comparable ACC scores,
because the prediction skill for these lead times is largely controlled
by initialization rather than by external forcing (fig. S5). For 3- to 5-
year sliding averages, the differences between DPLE_NoVolc and
DPLE increase with increasing lead time and become most pro-
nounced at long lead times (e.g., cf. FY1–3 and FY8–10). The
large skill differences at FY8–10, FY7–10, and FY6–10 are largely
due to the decreased skill in DPLE at longer lead times, which
becomes comparable to the uninitialized CESM1 Large Ensemble
(LE) (see Materials and Methods) (34), potentially because of a
loss of initialization memory and stronger volcanic influence at
longer lead times. A slight increase of ACC with lead time is
found for DPLE_NoVolc, but this is not statistically significant
for 5-year sliding averages (fig. S6, F to J). Such increase of predic-
tion skill with lead time in both DPLE and DPLE_NoVolc is found
to be significant for non-detrended data in the southeast tropical
Pacific for 5-year sliding averages (fig. S7), which is speculated to
be related to the initialization shock and spurious ENSO conditions
that degrade the skill at short lead times (31). Further analysis is
needed to understand these lead time–dependent features of
ACC. In the next two sections, we will investigate the mechanisms
by which the volcanic forcing affects the prediction skill in the trop-
ical Pacific.

Tropical Pacific SST response to major volcanic eruptions
To understand how the volcanic forcing degrades prediction skill,
we first compare the time series of detrended central-eastern trop-
ical Pacific SST anomalies in observations and forecasts for three
different lead time windows (Fig. 2, A to C). Statistically significant
differences between the ensemble mean time series from DPLE and
DPLE_NoVolc tend to occur in the forecasts that overlap the strong

volcanic eruptions, namely, Agung (1963), El Chichón (1982), and
Pinatubo (1991) (Fig. 2D). In response to these strong volcanic
eruptions, the detrended pentadal (FY1–5 and FY6–10) and
decadal (FY1–10) tropical Pacific SST anomalies tend to be lower
in DPLE than in DPLE_NoVolc and deviate more from the positive
SST anomalies in observations. In contrast, DPLE exhibits higher
tropical Pacific SST than DPLE_NoVolc in forecasts with start
years of around 1970. These SST differences are not directly
related to the two small volcanic eruptions in 1969 and 1974 but
are, instead, artifacts of the cumulative effect of volcanic forcing
on model climatology and trend (figs. S8 and S9). The annual cli-
matology of DPLE is cooler than DPLE_NoVolc for each forecast
year (fig. S9A), so the drift correction artificially makes de-drifted
SST anomalies in DPLE warmer than in DPLE_NoVolc starting
around 1970 when there is no significant volcanic effect on the orig-
inal SSTs (fig. S8; see Supplementary Text for more details). The
forecasts at FY6–10 and FY1–10 are influenced more by strong
eruptions than those at FY1–5 (denoted by triangles at the
bottom of Fig. 2, A to C) because, for example, volcanic forcing
could happen either during FY6–10 or before FY6–10 to affect
FY6–10 anomalies. This cumulative influence of volcanic forcing
contributes to the more severe skill degradation for longer lead
times (e.g., cf. FY1–5 and FY6–10) and averaging windows (e.g.,
cf. FY1–5 and FY1–10), as does the memory loss effect that increas-
es the relative influence of external forcing over initialization
(Fig. 1J). This lead time dependence of the volcanic effect on pre-
dictions would not be evident in sensitivity experiments that target
only a few initialization dates (26).

Is the large post-eruption discrepancy between observations and
DPLE caused by model error in simulating the climate response to
volcanic forcing, underestimated predictable internal variability in
model compared to observations, or a combination of the two? We
compare the single observed realization of detrended central-
eastern tropical Pacific SST anomalies during 1991–1995 following
the Pinatubo eruption to the ensemble distributions from DPLE,
DPLE_NoVolc, and LE (Fig. 2, E and F). The observed pentadal
SST anomaly (0.2°C; vertical black line) falls within the tail of the
distribution of the 40-member DPLE at FY1–5 (blue shading), while
the 10-member DPLE_NoVolc distribution (orange shading) is
shifted toward the observed value. The distributions of DPLE and
DPLE_NoVolc are significantly different with high confidence
(P < 0.01) based on z statistics (z = 7.95 for FY1–5 and z = 3.37
for FY6–10). The comparison between DPLE and DPLE_NoVolc
shows that volcanic forcing induces a cooling that makes the ob-
served anomaly a very unlikely outcome in DPLE. This suggests
several possible explanations for a low DPLE skill: (i) The cooling
response to volcanic forcing in DPLE is too strong, (ii) the predict-
able internal variability arising from initialization in DPLE is too
weak, or (iii) the observed pentadal SST anomalies are dominated
by unpredictable internal variability (e.g., warm anomaly in 1991–
1995 was an unpredictable event). The relatively high overall skill
from DPLE_NoVolc (ACC > 0.5) and better match to observations
in the early 1990s (at both FY1–5 and FY6–10) suggest that internal
variability related to slow oceanic processes was predictable to some
extent. In DPLE_NoVolc, the ratio of predictable component
(RPC) ~ 1 suggests that the predictable component of variance is
realistic and there is no strong evidence of a signal-to-noise
paradox (Materials and Methods). However, RPC computed from
a 10-member ensemble (DPLE_NoVolc) may have large error bars
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Fig. 2. Tropical Pacific sea surface temperature (SST) anomalies followingmajor tropical volcanic eruptions. Time series of quadratically detrended SST (°C) anom-
alies (curves) over the central-eastern tropical Pacific (20°S to 20°N, 160°E to 80°W) in observations (black) and ensemble mean forecasts/simulations from Decadal Pre-
diction Large Ensemble (DPLE) (blue), DPLE_NoVolc (orange), and Large Ensemble (LE) (green) for (A) FY1–5, (B) FY6–10, and (C) FY1–10. Shading denotes the range
(minimum to maximum) of 40, 10, and 40 members for DPLE, DPLE_NoVolc, and LE, respectively. The year value in the x axis denotes the start year of any 5- or 10-year
averaging window [e.g., 1960 represents 5-year average spanning 1960–1964 corresponding to November 1959 initialization for FY1–5 in (A) and November 1954 ini-
tialization for FY6–10 in (B)]. The triangles at the bottom of (A) to (C) denote the forecast ensembles that coincidewith any of the three volcanic eruptions starting in 1963,
1982, and 1991. The colored dots on curves denote the ensemble mean anomalies that are significant at the 90% confidence level, and the gray blocks highlight time
periods when the ensemble-mean difference between DPLE and DPLE_NoVolc is significant at the 90% confidence level based on bootstrapping across ensemble
members (Materials and Methods). The standard deviation (SD) of observed SST time series is indicated at the bottom right of each panel. The anomaly correlation
coefficient (ACC) (* denotes insignificant values), root mean square error (RMSE), SD of total variability, and ratio of predictable component (RPC) for the forecasts/sim-
ulations are indicated on the right of each panel. (D) Monthly time series of volcanic aerosol mass mixing ratios (curves) used in DPLE and LE for the global (black),
Northern Hemisphere (NH; orange), and Southern Hemisphere (SH; purple) averages. Probability distribution functions (PDF; %) of the central-eastern tropical Pacific
SST anomalies during 1991–1995 in individual members of DPLE (blue shading; 40 members), DPLE_NoVolc (orange shading; 10 members), and LE (green curves; 40
members) at (E) FY1–5 and (F) FY6–10, with vertical lines denoting the ensemble mean and observed values.
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and would likely increase with a larger ensemble (see discussion in
Materials andMethods). The total variance (σ2total) of tropical Pacific
SST anomalies is comparable between model and observations,
while PVF (σ2signal=σ

2
total) is smaller in DPLE than DPLE_NoVolc

[values are not shown in Fig. 2 but can be calculated using (ACC/
RPC)], suggesting that volcanic forcing may suppress the signal var-
iance but exacerbate the noise in forecasts. Lower ACC scores in
DPLE compared to DPLE_NoVolc suggests that the forced response
to volcanic forcing in DPLE overwhelms the predictable internal
signal. At FY6–10, both the ensemble mean and distribution of in-
dividual members of DPLE become very comparable to LE (green
curve), which confirms the memory loss of initial conditions and is
consistent with the ACC analysis shown in Fig. 1J.

We next focus on the periods following the strong volcanic erup-
tions and select three pentads (1961–1965, 1982–1986, and 1991–
1995) during which the tropical Pacific SST predictions are signifi-
cantly influenced by the major volcanic eruptions at FY1–5
(Fig. 2A) and FY6–10 (Fig. 2B). Figure 3 shows the spatial patterns

of global detrended pentadal surface temperature anomalies for
these time periods in observations and forecasts. Observations
show positive SST anomalies over the central or eastern tropical
Pacific but negative anomalies over the western tropical Pacific for
all three pentads (Fig. 3, A to C; note that Fig. 3D replicates Fig. 3C).
The observed central or eastern tropical Pacific SSTwarming is cap-
tured by DPLE_NoVolc (Fig. 3I-L) but not by DPLE (Fig. 3, E to H)
because of the cooling effect caused by volcanic forcing in the en-
semble mean hindcasts (Fig. 3, M to P). The western tropical Pacific
SST cooling, on the other hand, is better reproduced when the vol-
canic forcing is included, which partly explains the increased pre-
diction skill over the western tropical Pacific in DPLE than
DPLE_NoVolc (Fig. 1, G to I). The increased skill in DPLE over
the western tropical Pacific is also related to the excessive westward
extension of positive SST anomalies in DPLE_NoVolc, which is
likely associated with the ENSO pattern bias in CESM1 and ulti-
mately caused by the mean-state equatorial Pacific cold tongue
bias (35, 36). Despite the SST pattern bias in the western tropical

Fig. 3. Global surface temperature anomalies following the major volcanic eruptions. Five-year average quadratically detrended global sea surface temperature
(SST) and land surface air temperature (SAT) (°C; color shading) anomalies during (first column) 1961–1965, (second column) 1982–1986, and (third and fourth columns)
1991–1995 in (A toD) observations; the ensemble mean forecasts of (E toH) Decadal Prediction Large Ensemble (DPLE), (I to L) DPLE_NoVolc, and (M to P) the difference
between DPLE and DPLE_NoVolc at FY1–5 or FY6–10. The numbers at the top right corner of (E) to (L) denote the pattern correlations of DPLE or DPLE_NoVolc with the
observations over the tropical Pacific [20°S to 20°N, 120°E to 80°W; the region is denoted by the black box in (L)]. The stippling indicates insignificant ensemble mean
anomalies at the 90% confidence level based on bootstrapping across ensemble members (see Materials and Methods).
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Pacific, the pattern correlations between predicted and observed
SST anomalies over the entire tropical Pacific basin (20°S to 20°N,
120°E to 80°W) are considerably higher in DPLE_NoVolc than
DPLE for the El Chichón and Pinatubo eruptions (Fig. 3, E to L).
Looking beyond the tropical Pacific, the observed negative SAT
anomalies over South Asia and tropical Africa during these three
pentads appear to be related to volcanic forcing and are better pre-
dicted in DPLE than DPLE_NoVolc, consistent with the ACC
results shown in Fig. 1. However, the observed warming over the
Amazon basin during 1961–1965 and 1991–1995 might be related
to the El Niño–like SST warming and is thus better captured by
DPLE_NoVolc.

Mechanisms of volcanic effect on tropical Pacific
predictions
To explore the processes by which strong volcanic eruptions cause
negative pentadal SST anomalies in the central-eastern tropical
Pacific in DPLE relative to DPLE_NoVolc, we examine the
monthly detrended SST evolution using a mixed-layer ocean heat
budget to understand the ocean temperature tendencies (see Mate-
rials and Methods for analysis details). Results for Pinatubo are
shown in Fig. 4, and those for Agung and El Chichón are shown
in figs. S10 and S11. In observations, the SST in this region is char-
acterized by a sequence of positive anomalies during 1991–1995 that
are highly correlated with the Niño 3.4 index (cf. Fig. 4A and fig.
S12A), suggesting a strong association with El Niño events. The en-
semble mean differences between DPLE and DPLE_NoVolc from
10 different start dates ranging from 1 November 1985 to 1 Novem-
ber 1994 typically show three stages of SST change (Fig. 4A) in re-
sponse to the volcanic forcing (Fig. 4B). These include (i) a weak
negative tendency during June 1991 to December 1991, (ii) a
weak positive tendency during January 1992 to December 1992,
and (iii) a negative tendency during January 1993 to January
1995. The resultant ~2-year tropical Pacific cooling response
during 1993–mid-1995 is key to understanding the 5- or 10-year
average differences between DPLE and DPLE_NoVolc. The
cooling response during 1993–mid-1995 tends to be stronger in
the forecasts with start dates before the volcanic eruption than
those initialized during the volcanic eruptions, presumably
because of the joint effects of the full duration of volcanic forcing
and initial condition memory loss.

Figure 4 (C to E) shows the ocean mixed-layer heat budget anal-
ysis composited for the six forecast ensembles initialized before the
Pinatubo eruption (1 November 1985 through 1 November 1990) in
the DPLE, DPLE_NoVolc, and their difference (see Materials and
Methods). The initially stronger central-eastern tropical Pacific SST
cooling in the DPLE relative to DPLE_NoVolc is driven by the
surface shortwave reduction related to the volcanic forcing
(Fig. 4C). The second phase of relative SST warming (Fig. 4D) is
driven by the dynamical terms (� u0 ∂T∂x, � v

∂T0
∂y , and � w

∂T0
∂z ), indica-

tive of the development of El Niño, but the warming is damped by
thermodynamic processes (shortwave, longwave, and latent heat
fluxes). The third phase of relative SST cooling (Fig. 4E) is driven
by dynamical processes, suggestive of a multiyear La Niña response
to the second warming phase. The dynamically driven cooling is
damped by the latent heat flux, reflecting the negative evapora-
tion–SST feedback. The heat budget results for the first two stages
are consistent with previous findings based on CESM1 experiments
(37), but we extend it to years 2 to 3 after an eruption. The multiyear

La Niña–related cooling following a weak El Niño–related warming
deviates from the typical ENSO cycle simulated by CESM1 in which
multiyear La Niña tends to follow strong El Niño (38, 39). This is
because the shortwave reduction associated with the volcanic
forcing weakens the El Niño SST warming but strengthens the sub-
sequent La Niña SST cooling, in contrast to the negative shortwave
radiation–SST feedback that damps SST anomalies in a typical
ENSO cycle (37, 40). The trigger of initial El Niño SST warming
is linked to the development of westerly wind anomalies over the
western equatorial Pacific during the summer of 1991, which
deepens the thermocline depth in the eastern equatorial Pacific
(fig. S13E). These wind anomalies appear to be related to a rapid
SST cooling response over the Maritime Continent and equatorial
Indian and Atlantic Oceans after the beginning of the Pinatubo
eruption (fig. S13E). The origin of these westerly anomalies has
also been attributed to the stronger cooling response over land
(e.g., Maritime Continent or Africa) than ocean in previous model-
ing studies (41–43).

The volcanic forcing induces a very similar response in forecasts
initialized near the El Chichón eruption as in the Pinatubo case (fig.
S11), while the response to Agung is weak and less consistent across
forecast ensembles with different initialization dates (fig. S10), pos-
sibly because of factors such as the seasonal timing of eruption (37).
We also tested the sensitivity of heat budget results to the choice of
region. The Niño 3.4 region shows overall similar results as the trop-
ical central-eastern Pacific, but the first-stage cooling is very weak
because the ocean warming driven by dynamical terms counteracts
the cooling induced by the shortwave reduction (fig. S12). The
central tropical Pacific (20°S to 20°N, 160°E to 140°W), where the
skill degradation is strongest (Fig. 1, G to I), is more affected by the
shortwave process than the central-eastern tropical Pacific and
shows a diminished El Niño–driven warming in the second stage
(fig. S14). These analyses show that strong volcanic forcing
induces tropical central-eastern Pacific cooling via a robust se-
quence of thermodynamic and dynamic processes in the model.
The discrepancy with observed ENSO variability following these
eruptions suggests that the CESM1 response to volcanic forcing
overwhelms the internal ENSO variability in the tropical Pacific.

DISCUSSION
Issues in attributing observed tropical Pacific SST
variability to volcanic eruptions
The degradation of the multiyear-to-decadal prediction skill of
tropical Pacific SSTs by volcanic forcing in CESM1 raises general
questions about the model’s ability to realistically simulate the vol-
canic effect on ENSO and tropical Pacific decadal variability. Here,
we find that CESM1 tends to produce a consistent response to his-
torical volcanic eruptions consisting of an initially weak tropical
Pacific cooling phase in the first 6 months after the eruption, fol-
lowed by a 1-year weak El Niño–like warming and a subsequent
multiyear La Niña–like cooling response. In some cases, the simu-
lated volcanic response happens to amplify the observed ENSO am-
plitude [e.g., observed strong El Niño and subsequent 2-year La
Niña during 1982–1985 (fig. S15, A and E)], while in other cases,
it does not [e.g., observed El Niño in 1993–1994 (fig. S13, A and
E) and observed El Niño and subsequent La Niña in 1963–1964
(fig. S16A and E)]. The effect of strong volcanic eruptions on
ENSO has been widely studied using observational data,
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paleoclimate proxies, and climate models [see a recent review by
McGregor et al. (44) and references therein). It is hard to extract
a statistically significant ENSO response to volcanic forcing from
short observational records, especially because several volcanic
eruptions (e.g., El Chichón and Pinatubo) occurred after the initi-
ation of El Niño events (44). The most recent paleoclimate data re-
constructions suggest that there is no consistent ENSO response to

volcanic forcing (45, 46). Multimodel analysis suggests that there is
a robust increase in the probability of El Niño development in the
year of the volcanic eruption (43), but the strength of this evidence
depends on the fidelity of the models and the volcanic forcing
(20, 23).

It has been suggested that volcanic forcing can modulate Pacific
decadal variability and associated impacts on GMST (47, 48).

Fig. 4. Understanding how the Pinatubo eruption causesmultiyear-to-decadal tropical Pacific sea surface temperature (SST) cooling in CESM1. (A) Time series of
monthly detrended SST (°C) anomalies over the central-eastern tropical Pacific (20°S to 20°N, 160°E to 80°W) in observations (thick black curve) and the ensemble mean
difference between Decadal Prediction Large Ensemble (DPLE) and DPLE_NoVolc (colored curves) in the forecasts from 10 initial dates [1 November 1985 to 1 November
1994 denoted by colored dots; the solid portion of the curves indicates differences that are significant at the 90% confidence level based on bootstrapping across
ensemble members (see Materials and Methods)]. The light blue and red shaded blocks denote the phases of negative and positive SST tendencies, respectively. (B)
Monthly time series of volcanic aerosol mass mixing ratios for the globe (black curve), the Northern Hemisphere (NH; orange curve), and the Southern Hemisphere (SH;
purple curve). (C to E) Ensemble mean ocean mixed-layer heat balance terms (see Materials and Methods) averaged in the same region and integrated over three stages
(June 1991 to December 1991, January 1992 to December 1992, and January 1993 to December 1994; °C) composited for the six ensembles initialized in November 1985
to November 1990 in DPLE (blue), DPLE_NoVolc (orange), and their difference (black).
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However, proxy model or observation model comparisons (4, 21)
suggest that the GMST cooling response is overestimated by some
models even when considering the sampling issues because of El
Niño phases (16). The CESM1 simulates tropical Pacific decadal
cooling in the forecasts initialized in the 1980s and 1990s in re-
sponse to volcanic forcing, while the observations show decadal
warming in these periods (Fig. 2C). Thus, both previous studies
and ours indicate that model fidelity needs to be carefully consid-
ered when attributing observed Pacific interannual and decadal var-
iability to volcanic eruptions.

Potential to improve tropical Pacific multiyear-to-decadal
prediction skill
Decadal prediction systems have long-standing issues in predicting
Pacific SST variations (31–33, 49, 50). Here, we show that the
CESM1 decadal prediction system without volcanic forcing exhibits
a high prediction skill for tropical Pacific multiyear-to-decadal
climate variability. Future research is required to determine
whether other CMIP5/6models might also show a high decadal pre-
diction skill in the tropical Pacific that is obscured by volcanic
forcing. Although a full skill assessment (e.g., ACC scores) requires
repeating computationally expensive hindcasts without volcanic
forcing for the past several decades, it could be useful to check
whether selected forecasts initialized before the large historical vol-
canic eruptions (26, 28) show poor performance in predicting ob-
served tropical Pacific decadal SST anomalies, similar to analysis in
Fig. 3. The high skill of the CESM1 no-volcano forecasts suggests
that there is latent predictability associated with internal tropical
decadal variability. Themechanisms giving rise to this predictability
remain unclear, but they are likely related to slow oceanic processes
(25, 51, 52). Tropical Pacific decadal SST variations can affect
surface temperature, hydroclimate, and marine ecosystems across
the globe via atmospheric and oceanic teleconnections, and there-
fore, improved understanding of prediction system behavior in the
tropical Pacific is crucial for advancing Earth system prediction on
decadal time scales.

MATERIALS AND METHODS
Initialized forecasts and uninitialized simulations
To explore the influence of volcanic forcing on multiyear-to-
decadal predictions, we compare the CESM1 DPLE (31) with a par-
allel set of decadal forecasts that exclude historical volcanic forcing
(DPLE_NoVolc). All forecasts use the samemodel version and con-
figuration used for the CESM1 LE (34) at nominal 1° horizontal res-
olutions. The DPLE consists of 40-member retrospective forecasts
initialized on 1November each year during 1954–2015 and integrat-
ed for 122 months. Ensemble forecasts are initialized from identical
ocean and sea ice conditions, and ensemble spread is created by
adding round-off level perturbations to the atmospheric tempera-
ture initial conditions. The ocean and sea ice initial conditions
are generated by forcing the ocean and sea ice model components
of CESM1 with historical atmospheric and surface flux fields, while
the atmosphere and land initial conditions are obtained from the
CESM1 LE. All forecasts are run using CMIP5 “historical” forcings
for 1954–2005 and CMIP5 representative concentration pathway
8.5 forcing thereafter. DPLE_NoVolc follows the DPLE protocol
except that it excludes volcanic aerosol forcing during 1954–2005,
and it has a smaller ensemble size of 10. Note that DPLE_NoVolc

uses the same historical initial conditions as in DPLE, and in par-
ticular, the ocean initial conditions include the effects of volcanic
forcing. Both systems should have identical initial condition–
related predictability (that includes volcanic influence), and the dif-
ference between DPLE_NoVolc and DPLE should reflect differenc-
es in how volcanic aerosol forcing interacts with the model state
during forward integration. The volcanic aerosol forcing data
used in DPLE include the three major tropical volcanic eruptions
(Mt. Agung in March 1963, El Chichón in April 1982, and Mt. Pi-
natubo in June 1991) and two small eruptions in the 1970s, as
shown by the time series of globally and vertically integrated volca-
nic aerosol mass mixing ratio (Fig. 2D). The time and latitudinally
varying volcanic forcing is based on Ammann et al. (53). We also
compare the DPLE with the uninitialized CESM1 LE to isolate the
role of initialization in affecting the prediction skill (31). The
CESM1 LE is composed of 40-member historical simulations
subject to CMIP5 forcing during 1920–2100, including the histori-
cal volcanic forcing.We examine CESM1 LE results from the period
of 1954–2015 to be consistent with the initialized forecasts.

Drift correlation and detrending methods
The drifting climatology of the ensemble forecasts is calculated by
averaging the ensemble mean forecasts across 1964–2015 for each
lead time, for either monthly means [forecast months 1 to 122
(FM1–122)] or annual means (FY1–10). The period 1964–2015
was used as the baseline climatology because it is the longest tem-
poral window for which the same-size (52 years) sample exists for
each lead time. Drift-corrected anomalies are obtained by removing
the lead time–dependent climatology from each ensemble member.
The anthropogenic climate change is estimated by a quadratic fit
(21) of the ensemble mean forecast anomalies across 1954–2015
as a function of lead time (i.e., FY1–10 or FM1–122) and is
removed from individual drift-corrected ensemble members to
obtain detrended anomalies. For observations and LE, the climatol-
ogy and trend are calculated over the same time periods as for the
forecasts. We also adopted two other methods to estimate anthro-
pogenic climate change based on the lead time–dependent linear
trend (31) and the ensemble mean of the uninitialized CESM1 LE
(33). However, removing the ensemble mean of LE also removes the
effect of volcanic forcing in addition to anthropogenic climate
change, and so, this is not a preferred method in the context of
the present analysis.

Observational datasets and forecast verification
The hindcasts are verified against the National Oceanic and Atmo-
spheric Administration (NOAA) Extended Reconstruction Sea
Surface Temperature version 5 (ERSSTv5) dataset at 2° spatial res-
olution (54) for SST and the Berkeley Earth Surface Temperature
dataset at 1° spatial resolution (55) for near SAT. The observational
data are regridded to the model grid before verification. The predic-
tion skill is assessed using the ACC and root mean square error
(RMSE) between the ensemble mean forecasts and observations.
The significance of ACC or ensemble mean anomalies is tested
using the nonparametric bootstrap method. Following Goddard
et al. (50) and Yeager et al. (31), we tested whether an ACC or
ACC difference is significantly different from zero using a boot-
strapped distribution of 5000 values at each spatial location or for
area average indices by resampling (with replacement) across both
the time and the ensemble member dimensions. Similarly, the
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significance of ensemble mean anomalies at a given time is tested by
resampling (with replacement) across the ensemble member
dimension. The 5000 values are calculated on the basis of 10-
member ensembles for all model analyses to account for the
different ensemble sizes among DPLE (40 ensemble members),
DPLE_NoVolc (10 ensemble members), and LE (40 ensemble
members). A positive value is significant at the 90% confidence
level if its bootstrapped distribution has fewer than 500 values
that are below zero (P < 500/5000 = 0.1), and vice versa for a neg-
ative value. We apply Fisher ’s z transformations to ACC scores
before calculating P values.

Signal-to-noise paradox
The predictability (quantified by the signal-to-total variance ratio)
has been found to be higher in observation than in climate models,
which is known as the signal-to-noise paradox (33, 56). We evaluate
whether this is the case in DPLE and DPLE_NoVolc. The predict-
able variance fraction (PVF;PVF ¼ σ2signal=σ

2
total) is defined as the

relative fraction of signal (ensemblemean) variance to total variance
(averaged across individual ensemble members). The estimation of
the model’s signal variance (σ2signal) might be biased due to a finite
ensemble, especially for the 10-member DPLE_NoVolc. SD of total
variability (σtotal) is the square root of total variance (σ2total). The
RPC (RPC ¼ ACC=

ffiffiffiffiffiffiffiffiffi
PVF
p

) quantifies the mismatch between the
potentially predictable component determined from the model en-
semble spread and the predictable component of observed variabil-
ity as quantified by ACC. We do not calculate RPC where ACC is
negative, following Smith et al. (33), but note that RPC is not mean-
ingful when the ACC is positive but insignificant (57). RPC is ex-
pected to be underestimated using a finite ensemble, because of the
combined effects of underestimation of ACC and overestimation of
σ2signal due to an insufficient noise suppression (56, 57). A 40-
member DPLE ensemble should be sufficient to estimate an accu-
rate RPC, but a 10-member DPLE_NoVolc ensemble might not be
(57). For a sufficiently large ensemble, RPC should be 1 when the
correlation skill matches the square root of the predictable portion
of variance in the model. RPC less than 1 indicates that the actual
prediction skill is lower than what would be expected from the
model’s PVF, while RPC greater than 1 implies that the signal-to-
noise ratio is underestimated in the model compared to
observations.

Ocean mixed-layer heat budget analysis
To decompose the processes by which the volcanic forcing affects
the tropical Pacific SST anomalies in forecasts, we conducted an
ocean mixed-layer heat budget analysis for the monthly detrended
ensemble mean anomalies in the DPLE, DPLE_NoVolc, and their
difference. We calculate the heat budget at each horizontal grid
point as an approximate balance between the monthly mean heat
storage tendency, ocean temperature advection, and surface heat

fluxes according to the following equation

∂hT0i
∂t ¼ � u ∂T0

∂x

� �
þ � u0 ∂T∂x
D E

þ � u0 ∂T0∂x

� �
þ � v ∂T0

∂y

D E
þ � v0 ∂T∂y
D E

þ � v0 ∂T0∂y

D E
þ � w ∂T0

∂z

� �

þ � w0 ∂T∂z
D E

þ � w0 ∂T0∂z

� �
þ

Q0net
ρCpH
þ R

h�i ¼ 1
H

ð0

� H
� dz

where T is the mixed-layer temperature; u, v, and w are the resolved
ocean currents in the zonal (x), meridional (y), and vertical (z)
directions, respectively; Q0net is the net surface heat flux (sum of
shortwave, longwave, latent, and sensible heat fluxes); ρ is the
ocean water density (1030 kg m−3); Cp is the ocean heat capacity
(4000 J kg−1 K−1); H is the climatological mixed-layer depth that
is averaged across FM1 to FM122 but varies with latitude and lon-
gitude; R represents the residual term, including diffusion and
subgrid scale terms; the overbar denotes the monthly drifting clima-
tology; and the prime denotes the monthly drift-corrected and de-
trended anomaly.

Supplementary Materials
This PDF file includes:
Supplementary Text
Figs. S1 to S16
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