EXPLAINING
EXTREME EVENTS
OF 2016
From A Climate Perspective

Special Supplement to the
Bulletin of the American Meteorological Society
Vol. 99, No. 1, January 2018
Unauthenticated | Downloaded 01/09/23 06:24 AM UTC

EXPLAINING EXTREME
EVENTS OF 2016 FROM A
CLIMATE PERSPECTIVE

Editors
Stephanie C. Herring, Nikolaos Christidis, Andrew Hoell, James P. Kossin,
Carl J. Schreck III, and Peter A. Stott

Special Supplement to the
Bulletin of the American Meteorological Society
Vol. 99, No. 1, January 2018

American Meteorological Society

Unauthenticated | Downloaded 01/09/23 06:24 AM UTC

Corresponding Editor:
Stephanie C. Herring, PhD
NOAA National Centers for Environmental Information
325 Broadway, E/CC23, Rm 1B-131
Boulder, CO 80305-3328
E-mail: stephanie.herring@noaa.gov

Cover credit:
©The Ocean Agency / XL Catlin Seaview Survey / Chrisophe Bailhache—A panoramic image of coral bleaching at Lizard Island
on the Great Barrier Reef, captured by The Ocean Agency / XL Catlin Seaview Survey / Christophe Bailhache in March 2016.

HOW TO CITE THIS DOCUMENT
__________________________________________________________________________________________
Citing the complete report:
Herring, S. C., N. Christidis, A. Hoell, J. P. Kossin, C. J. Schreck III, and P. A. Stott, Eds., 2018: Explaining Extreme
Events of 2016 from a Climate Perspective. Bull. Amer. Meteor. Soc., 99 (1), S1–S157.
Citing a section (example):
Quan, X.W., M. Hoerling, L. Smith, J. Perlwitz, T. Zhang, A. Hoell, K. Wolter, and J. Eischeid, 2018: Extreme California
Rains During Winter 2015/16: A Change in El Niño Teleconnection? [in “Explaining Extreme Events of 2016 from a
Climate Perspective”]. Bull. Amer. Meteor. Soc., 99 (1), S54–S59, doi:10.1175/BAMS-D-17-0118.1.

EDITORIAL AND PRODUCTION TEAM
Riddle, Deborah B., Lead Graphics Production, NOAA/NESDIS
National Centers for Environmental Information,
Asheville, NC
Love-Brotak, S. Elizabeth, Graphics Support, NOAA/NESDIS
National Centers for Environmental Information,
Asheville, NC
Veasey, Sara W., Visual Communications Team Lead, NOAA/
NESDIS National Centers for Environmental Information,
Asheville, NC
Fulford, Jennifer, Editorial Support, Telesolv Consulting LLC,
NOAA/NESDIS National Centers for Environmental Information, Asheville, NC
Griffin, Jessicca, Graphics Support, Cooperative Institute for
Climate and Satellites-NC, North Carolina State University,
Asheville, NC

Misch, Deborah J., Graphics Support, Telesolv Consulting
LLC, NOAA/NESDIS National Centers for Environmental
Information, Asheville, NC
Osborne, Susan, Editorial Support, Telesolv Consulting
LLC, NOAA/NESDIS National Centers for Environmental
Information, Asheville, NC
Sprain, Mara, Editorial Support, LAC Group, NOAA/NESDIS
National Centers for Environmental Information,
Asheville, NC
Young, Teresa, Graphics Support, Telesolv Consulting LLC,
NOAA/NESDIS National Centers for Environmental
Information, Asheville, NC

Unauthenticated | Downloaded 01/09/23 06:24 AM UTC

TABLE OF CONTENTS
Abstract.................................................................................................................................................................. ii
1. Introduction to Explaining Extreme Events of 2016 from a Climate Perspective........................ 1
2. Explaining Extreme Ocean Conditions Impacting Living Marine Resources................................. 7
3. CMIP5 Model-based Assessment of Anthropogenic Influence on Record Global
Warmth During 2016.............................................................................................................................. 11
4. The Extreme 2015/16 El Niño, in the Context of Historical Climate
Variability and Change............................................................................................................................ 16
5. Ecological Impacts of the 2015/16 El Niño in the Central Equatorial Pacific...............................21
6. Forcing of Multiyear Extreme Ocean Temperatures that Impacted California Current
Living Marine Resources in 2016 ........................................................................................................27
7. CMIP5 Model-based Assessment of Anthropogenic Influence on Highly Anomalous
Arctic Warmth During November–December 2016.....................................................................34
8. The High Latitude Marine Heat Wave of 2016 and Its Impacts on Alaska...................................39
9. Anthropogenic and Natural Influences on Record 2016 Marine Heat waves..............................44
10. Extreme California Rains During Winter 2015/16: A Change in El Niño Teleconnection?...... 49
11. Was the January 2016 Mid-Atlantic Snowstorm "Jonas" Symptomatic of Climate Change?...54
12. Anthropogenic Forcings and Associated Changes in Fire Risk in Western North America
and Australia During 2015/16................................................................................................................60
13. A Multimethod Attribution Analysis of the Prolonged Northeast Brazil
Hydrometeorological Drought (2012–16).........................................................................................65
14. Attribution of Wintertime Anticyclonic Stagnation Contributing to Air Pollution in
Western Europe.......................................................................................................................................70
15. Analysis of the Exceptionally Warm December 2015 in France Using Flow Analogues...........76
16. Warm Winter, Wet Spring, and an Extreme Response in Ecosystem Functioning on the
Iberian Peninsula......................................................................................................................................80
17. Anthropogenic Intensification of Southern African Flash Droughts as Exemplified by
the 2015/16 Season..................................................................................................................................86
18. Anthropogenic Enhancement of Moderate-to-Strong El Niño Events Likely Contributed
to Drought and Poor Harvests in Southern Africa During 2016................................................91
19. Climate Change Increased the Likelihood of the 2016 Heat Extremes in Asia..........................97
20. Extreme Rainfall (R20mm, RX5day) in Yangtze–Huai, China, in June–July 2016: The Role
of ENSO and Anthropogenic Climate Change...............................................................................102
21. Attribution of the July 2016 Extreme Precipitation Event Over China’s Wuhang...................107
22. Do Climate Change and El Niño Increase Likelihood of Yangtze River Extreme Rainfall?....113
23. Human Influence on the Record-breaking Cold Event in January of 2016 in
Eastern China.......................................................................................................................................... 118
24. Anthropogenic Influence on the Eastern China 2016 Super Cold Surge....................................123
25. The Hot and Dry April of 2016 in Thailand........................................................................................128
26. The Effect of Increasing CO2 on the Extreme September 2016 Rainfall Across
Southeastern Australia.........................................................................................................................133
27. Natural Variability Not Climate Change Drove the Record Wet Winter in
Southeast Australia...............................................................................................................................139
28. A Multifactor Risk Analysis of the Record 2016 Great Barrier Reef Bleaching........................144
29. Severe Frosts in Western Australia in September 2016...............................................................150
30. Future Challenges in Event Attribution Methodologies................................................................155
AMERICAN METEOROLOGICAL SOCIETY

JANUARY 2018

|

Si

Unauthenticated | Downloaded 01/09/23 06:24 AM UTC

ABSTRACT—Stephanie C. Herring, Nikolaos Christidi, Andrew Hoell, James P. Kossin, Carl J. Schreck III, and Peter A. Stott
This sixth edition of explaining extreme events of the
previous year (2016) from a climate perspective is the
first of these reports to find that some extreme events
were not possible in a preindustrial climate. The events
were the 2016 record global heat, the heat across Asia,
as well as a marine heat wave off the coast of Alaska.
While these results are novel, they were not unexpected.
Climate attribution scientists have been predicting that
eventually the influence of human-caused climate change
would become sufficiently strong as to push events
beyond the bounds of natural variability alone. It was also
predicted that we would first observe this phenomenon
for heat events where the climate change influence is most
pronounced. Additional retrospective analysis will reveal
if, in fact, these are the first events of their kind or were
simply some of the first to be discovered.
Last year, the editors emphasized the need for additional papers in the area of “impacts attribution” that
investigate whether climate change’s influence on the
extreme event can subsequently be directly tied to a
change in risk of the socio-economic or environmental
impacts. Several papers in this year’s report address this
challenge, including Great Barrier Reef bleaching, living
marine resources in the Pacific, and ecosystem productivity on the Iberian Peninsula. This is an increase over the
number of impact attribution papers than in the past, and
are hopefully a sign that research in this area will continue
to expand in the future.
Other extreme weather event types in this year’s
edition include ocean heat waves, forest fires, snow
storms, and frost, as well as heavy precipitation, drought,
and extreme heat and cold events over land. There were
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a number of marine heat waves examined in this year’s
report, and all but one found a role for climate change
in increasing the severity of the events. While humancaused climate change caused China’s cold winter to be
less likely, it did not influence U.S. storm Jonas which hit
the mid-Atlantic in winter 2016.
As in past years, the papers submitted to this report
are selected prior to knowing the final results of
whether human-caused climate change influenced the
event. The editors have and will continue to support the
publication of papers that find no role for human-caused
climate change because of their scientific value in both
assessing attribution methodologies and in enhancing
our understanding of how climate change is, and is not,
impacting extremes. In this report, twenty-one of the
twenty-seven papers in this edition identified climate
change as a significant driver of an event, while six did
not. Of the 131 papers now examined in this report over
the last six years, approximately 65% have identified a
role for climate change, while about 35% have not found
an appreciable effect.
Looking ahead, we hope to continue to see improvements in how we assess the influence of human-induced
climate change on extremes and the continued inclusion
of stakeholder needs to inform the growth of the field and
how the results can be applied in decision making. While
it represents a considerable challenge to provide robust
results that are clearly communicated for stakeholders
to use as part of their decision-making processes, these
annual reports are increasingly showing their potential
to help meet such growing needs.
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25. THE HOT AND DRY APRIL OF 2016 IN THAILAND
Nikolaos Christidis, K asemsan Manomaiphiboon, Andrew Ciavarella , and Peter A. Stott
The record temperature of April 2016 in Thailand would not have occurred without the influence of both
anthropogenic forcings and El Niño, which also increased the likelihood of low rainfall.
Introduction. April is typically one of the hottest
months in Thailand, marking the end of the dry
season and the onset of monsoon rains. April heat
reached unprecedented levels in 2016 (NASA 2016)
and exacerbated the adverse socio-economic impacts
from a prolonged drought that started in early 2015
and persisted until mid-2016, evidently favored by the
presence of a strong El Niño (Singhrattna et al. 2005).
The severe drought affected 41 Thai provinces, had
devastating effects on major crops, such as rice and
sugar cane, and incurred a total loss in the agricultural production of about half a billion U.S. dollars
(Ministry of Agriculture and Cooperatives; MOAC
2016). Moreover, the extreme heat culminating in
the April heat wave resulted in an estimated six-fold
increase in heatstroke cases relative to 2014 (Ministry
of Public Health; MOHP 2017), while record-breaking
peak electricity demand was also reported (Electricity
Generating Authority of Thailand; EGAT 2016), and
extensive forest fires ravaged the country (Forest Fire
Control Division; FFCD 2017).
This work considers possible drivers of the exceptionally high temperature and low rainfall over land
in the region of Thailand (5°–20°N, 95°–110°E) in
April 2016. We concentrate on the effect of anthropogenic forcings and the El Niño Southern Oscillation (ENSO), investigating how they influence the
occurrence of extremes similar to 2016. The study
focuses on the month of April when the heat peaked.
In that month, temperatures in excess of 44°C set
new records in some regions, and the severe weather
and its impacts were extensively reported in the national press. Although our study does not consider
the drought in which the event was embedded, or its
AFFILIATIONS: Christidis , Ciavarella , and Stott—
Met Office Hadley Centre, Exeter, United Kingdom;
Manomaiphiboon —The Joint Graduate School of Energy
and Environment, King Mongkut’s University of Technology
Thonburi, Bangkok, and Center for Excellence on Energy
and Environment Technology, Ministry of Education,
Bangkok, Thailand
DOI:10.1175/BAMS-D-17-0071.1
A supplement to this article is available online (10.1175
/BAMS-D-17-0071.2)
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hydrological impacts, we examine streamflow data
from the Royal Irrigation Department of Thailand
for the country’s two main river basins (see onlinesupplemental material), as this provides a context for
the April event. For each month since 1950, normalized streamflow values are computed from the station data as the mean flow during the year ending at
that month. The resulting streamflows reveal that in
both basins the drought was greatly intensified after
mid-2015. At least 7 months leading up to April 2015
ranked in the top ten since the 1950s in terms of severity (Figs. 25.1a,b; only recent years plotted for clarity).
Methods. We define extreme events using thresholds
(Stott et al. 2016) and identify hot and dry events as
those instances when the temperature rises above and
the rainfall falls below the 2016 observed values. Our
analysis sets out to answer three attribution questions:
1) How does anthropogenic climate change modify
the likelihood of hot and dry events under the 2016 El
Niño conditions?; 2) What would the anthropogenic
effect on the likelihood be under any ENSO conditions?; and 3) How does ENSO affect the likelihood
of extreme events in the current climate, already
influenced by anthropogenic forcings? Local surface
processes which may drive or amplify heat waves
are better studied with regional and hydrological
models, and their effect is not explicitly addressed
here. Regional temperature and rainfall time series
constructed with the CRUTEM4 (Jones et al. 2012)
and GPCC (Schneider et al. 2014) datasets show that
April 2016 was the hottest (Fig. 25.1c) and fourth
driest (Fig. 25.1d) since 1900. Using these observations, we demonstrate the clear influence of ENSO
on temperature and rainfall by grouping the data in
consecutive bins and computing the mean Southern
Oscillation Index in the years corresponding to each
bin (Figs. 25.1e,f). El Niño favors warmer and drier
conditions, so the markedly strong El Niño in 2015−16
(L’Heureux et al. 2017) is expected to have made a
considerable contribution to the extreme conditions
in April 2016.
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Fig. 25.1. Normalized monthly running sums (12-months back-totaled) of streamflow constructed with data from
stations located in two major Thai river basins: (a) Chao Phraya and (b) Mun-Chi. Only recent years are plotted
for clarity; last record is Mar 2016. Months with streamflows among the ten lowest are marked. (c),(d) Time series
of the Apr mean temperature (°C) and rainfall (mm) in the region of Thailand from observations. (e),(f) Histograms showing the mean Southern Oscillation index (SOI) in years corresponding to different temperature and
rainfall data bins. (c)–(f) Red asterisk marks year 2016 and all anomalies are relative to 1961–90.

Our analysis uses the Hadley Centre event attribution system (Christidis et al. 2013), which provides
ensembles of simulations with the HadGEM3-A
model for the actual climate with all external forcings included (“factual” experiment) and a hypothetical natural climate without the effect of human influence (“counterfactual” experiment). The
system was recently upgraded to high resolution
(N216 and 85 vertical levels; Ciavarella et al. 2017,
manuscript submitted to Wea. Climate Extremes).
Observed oceanic conditions were prescribed in
the factual simulations using the HadISST dataset
(Rayner et al. 2003). A model-based estimate of the
ocean’s warming calculated as the average across 51
simulations from 19 coupled models that provided
data to the CMIP5 archive (http://portal.nersc.gov
/c20c/experiment.html) was subtracted from the
observations in the counterfactual simulations and
AMERICAN METEOROLOGICAL SOCIETY

the sea–ice was adjusted accordingly (Christidis
et al. 2013). The system provides ensembles of 525
simulations of March–May 2016 for each experiment,
which include strong El Niño conditions through the
prescribed boundary conditions. We also use shorter,
15-member ensembles of factual and counterfactual
simulations over the period 1960–2015 and extract
the last 15 years to approximate the near present-day
climate. For each experiment, we extract the month
of April and compute the monthly and regional mean
temperature and rainfall. This yields samples of 525
months per variable and experiment for year 2016 and
225 months for the recent past (years 2001–15). With
these we subsequently construct temperature and
rainfall distributions and estimate the probability of
a hot or dry April using our pre-specified thresholds
and the return period, calculated as the reverse of
the probability. Extreme probabilities are derived
JANUARY 2018
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with the generalized Pareto distribution and their
uncertainties with a Monte Carlo bootstrap procedure
(Christidis et al. 2013). Model evaluation assessments
were also carried out (see online supplemental material), which suggest that HadGEM3-A represents well
the climatological distribution of April temperature
and rainfall in the region and also provides realistic
probability estimates for extreme events.
Results. First, the effect of anthropogenic forcings
under the observed El Niño conditions is examined.
Temperature and rainfall distributions are constructed from the model simulations of April 2016
(Figs. 25.2a,b). The thresholds used to define extreme
events are also marked on the distribution plots. The
modeled rainfall data were bias corrected to have the

same mean as the observations in the period 1961–90.
The temperature threshold is set to be 3.3 standard
deviations above the modeled climatological mean, as
estimated from observations for April 2016. Human
influence (i.e., the overall effect of anthropogenic
emissions of well-mixed greenhouse gases, aerosols
and ozone, as well as land-use changes) is shown to
increase the chances of both dry and hot events. The
associated reduction in the return time of extremes
is shown in Fig. 25.2c. The likelihood of extremely
low rainfall is estimated to increase by a factor of 2
(best estimate). However, the anthropogenic effect on
temperature is far more pronounced, and we find that
April temperatures as high as in 2016 cannot occur
in the natural climate, even under the influence of a
strong El Niño. The joint probability of hot and dry

Fig. 25.2. Normalized distributions of the April mean temperature (°C) and rainfall (mm) in the region of Thailand
with (red) and without (green) anthropogenic climate change constructed with HadGEM3-A data for (a),(b) 2016
and (d),(e) 2001–15. Distributions are also shown for El Niño (dark red) and La Niña (blue) conditions in (g),(h)
recent years. Year 2016 is marked by the vertical line. (c), (f), and (i) illustrate estimates of the return times of
extreme events corresponding to different model experiments or ENSO phases.The best estimate (50th percentile) is marked by a cross and the 5%–95% uncertainty range by whiskers.
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events occurring simultaneously is also computed,
and it is estimated that in the factual climate the return time is 105 years (5%–95% range: 53–263 years),
while in the counterfactual world the likelihood is
too small to be accurately estimated. Our results are
to some extent affected by a known caveat arising
from the uncertainty in the counterfactual boundary
conditions (Christidis and Stott 2014; Solomon and
Newman 2012), sometimes sampled by using several
estimates of the oceanic warming from individual
models. A computationally cheaper approach would
be using improved boundary conditions derived
from observations (Christidis and Stott 2014; Seager
and Hoerling 2014). In this work, we use boundary
conditions from a multimodel ensemble instead,
which should (to some extent) alleviate errors from
individual models.
The anthropogenic effect on extreme events irrespective of the ENSO phase is investigated next,
based on the temperature and rainfall distributions
for the recent past (Figs. 25.2d,e). Although human
influence increases the likelihood of extremes, their
probabilities are much smaller (Fig. 25.2f). We again
find that the NAT experiment cannot reproduce the
extreme April heat of 2016, which is also rare in the
actual climate (Fig. 25.2d), but becomes more likely
in years with a strong El Niño (Fig. 25.2a).
Finally, the influence of the ENSO phase on the
likelihood of extremes in the current climate is also
examined. We partition the simulated, near presentday data between positive and negative ENSO phases
and construct the distributions for the two phases
(Figs. 25.2g,h). As expected, El Niño conditions
increase the chances of extreme events, which are
not found to occur in La Niña years. The chance of
extreme temperature events is small even under El
Niño conditions (Fig. 25.2i), but apparently increases
during stronger episodes (Fig. 25.2a).
Conclusions. Our analysis demonstrates that anthropogenic climate change results in a clear shift of the
April temperature distribution toward warmer conditions and a more moderate, albeit distinct, shift of the
rainfall distribution toward drier Aprils in Thailand.
The synergy between anthropogenic forcings and
a strong El Niño was crucial to the breaking of the
temperature record in 2016, which our results suggest would not have occurred if one of these factors
were absent. Rainfall as low as in 2016 is found to be
extremely rare in La Niña years. The joint probability
for hot and dry events similar to April 2016 is found to
be relatively small (best estimate of about 1%), which
AMERICAN METEOROLOGICAL SOCIETY

implies that in addition to the drivers examined here,
other possible causes could have also played a role, like
moisture availability and transport (especially in the
context of the prolonged drought), atmospheric circulation patterns, and the effect of other non-ENSO
modes of unforced variability.
ACKNOWLEDGMENTS. NC, AC, and PAS
were supported by the Joint DECC/Defra Met Office
Hadley Centre Climate Programme (GA01101). We
thank the Royal Irrigation Department of Thailand
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Table 1.1. SUMMARY of RESULTS
ANTHROPOGENIC INFLUENCE ON EVENT
INCREASE

DECREASE

NOT FOUND OR UNCERTAIN

Ch. 3: Global
Ch. 7: Arctic

Heat

Ch. 15: France
Ch. 19: Asia
Ch. 23: China

Cold

Ch. 24: China

Heat &
Dryness

Ch. 25: Thailand
Ch. 4: Central Equatorial Pacific
Ch. 5: Central Equatorial Pacific

Marine Heat

Ch. 6: Pacific Northwest

Ch. 4: Eastern Equatorial Pacific

Ch. 8: North Pacific Ocean/Alaska
Ch. 9: North Pacific Ocean/Alaska
Ch. 9: Australia

Heavy
Precipitation

Frost

Ch. 20: South China

Ch. 10: California (failed rains)

Ch. 21: China (Wuhan)

Ch. 26: Australia

Ch. 22: China (Yangtze River)

Ch. 27: Australia

Ch. 29: Australia

Winter Storm

Ch. 11: Mid-Atlantic U.S. Storm "Jonas"

Ch. 17: Southern Africa

Drought

Ch. 13: Brazil

Ch. 18: Southern Africa

Atmospheric
Circulation

Ch. 15: Europe

Stagnant Air

Ch. 14: Western Europe

Wildfires
Coral
Bleaching

Ch. 12: Canada & Australia (Vapor
Pressure Deficits)
Ch. 5: Central Equatorial Pacific
Ch. 28: Great Barrier Reef
Ch. 5: Central Equatorial Pacific (Chl-a
and primary production, sea bird abundance, reef fish abundance)

Ecosystem
Function

Ch. 18: Southern Africa (Crop Yields)

El Niño

Ch. 18: Southern Africa

TOTAL

S4

|

18

Ch. 4: Equatorial Pacific (Amplitude)

3

9
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METHOD USED

Total
Events

Ch. 3: CMIP5 multimodel coupled model assessment with piCont, historicalNat, and historical forcings
Heat

Ch. 7: CMIP5 multimodel coupled model assessment with piCont, historicalNat, and historical forcings
Ch. 15: Flow analogues conditional on circulation types
Ch. 19: MIROC-AGCM atmosphere only model conditioned on SST patterns

Cold

Ch. 23: HadGEM3-A (GA6) atmosphere only model conditioned on SST and SIC for 2016 and data fitted to
GEV distribution
Ch. 24: CMIP5 multimodel coupled model assessment

Heat & Dryness

Ch. 25: HadGEM3-A N216 Atmosphere only model conditioned on SST patterns
Ch. 4: SST observations; SGS and GEV distributions; modeling with LIM and CGCMs (NCAR CESM-LE and
GFDL FLOR-FA)

Marine Heat

Ch. 5: Observational extrapolation (OISST, HadISST, ERSST v4)
Ch. 6: Observational extrapolation; CMIP5 multimodel coupled model assessment
Ch. 8: Observational extrapolation; CMIP5 multimodel coupled model assessment
Ch. 9: Observational extrapolation; CMIP5 multimodel coupled model assessment
Ch. 10: CAM5 AMIP atmosphere only model conditioned on SST patterns and CESM1 CMIP single coupled
model assessment

Heavy
Precipitation

Ch. 20: Observational extrapolation; CMIP5 and CESM multimodel coupled model assessment; auto-regressive models
Ch. 21: Observational extrapolation; HadGEM3-A atmosphere only model conditioned on SST patterns;
CMIP5 multimodel coupled model assessment with ROF
Ch. 22: Observational extrapolation, CMIP5 multimodel coupled model assessment
Ch. 26: BoM seasonal forecast attribution system and seasonal forecasts
Ch. 27: CMIP5 multimodel coupled model assessment

Frost
Winter Storm

Ch. 29: weather@home multimodel atmosphere only models conditioned on SST patterns; BoM seasonal
forecast attribution system
Ch. 11: ECHAM5 atmosphere only model conditioned on SST patterns
Ch. 13: Observational extrapolation; weather@home multimodel atmosphere only models conditioned on
SST patterns; HadGEM3-A and CMIP5 multimodel coupled model assessent; hydrological modeling

Drought

Ch. 17: Observational extrapolation; CMIP5 multimodel coupled model assessment; VIC land surface
hdyrological model, optimal fingerprint method
Ch. 18: Observational extrapolation; weather@home multimodel atmosphere only models conditioned on
SSTs, CMIP5 multimodel coupled model assessment

Atmospheric
Circulation
Stagnant Air
Wildfires
Coral
Bleaching

Ecosystem
Function

El Niño

Ch. 15: Flow analogues distances analysis conditioned on circulation types
Ch. 14: Observational extrapolation; Multimodel atmosphere only models conditioned on SST patterns
including: HadGEM3-A model; EURO-CORDEX ensemble; EC-EARTH+RACMO ensemble
Ch. 12: HadAM3 atmospere only model conditioned on SSTs and SIC for 2015/16
Ch. 5: Observations from NOAA Pacific Reef Assessment and Monitoring Program surveys
Ch. 28: CMIP5 multimodel coupled model assessment; Observations of climatic and environmental conditions
(NASA GES DISC, HadCRUT4, NOAA OISSTV2)
Ch. 5: Observations of reef fish from NOAA Pacific Reef Assessment and Monitoring Program surveys; visual
observations of seabirds from USFWS surveys.
Ch. 18: Empirical yield/rainfall model
Ch. 4: SST observations; SGS and GEV distributions; modeling with LIM and CGCMs (NCAR CESM-LE and
GFDL FLOR-FA)
Ch. 18: Observational extrapolation; weather@home multimodel atmosphere only models conditioned on
SSTs, CMIP5 multimodel coupled model assessment
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