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transectsinclude only ocean points. The culprits include (a) a premature decrease in surface
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temperature (tas), surface incoming solar radiation (rsds) and incoming longwave radiation (rlds),
geopotential height at 925 mb (zg925) and 500 mb (zg500), and total cloud amount (clt).
Observational values are shown in black on theobottow of each panel. Black circles indicate
fields that are not available. Vertical red dashed lines represent the observational data value
multiplied by a factor of 5. Red labels show values beyond each abscissa maximum and green
labels show values forals that are not easily visible. Vertical grid lines are shown with gray
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level after adjusting for serial laQautocorrelation« « « « « « « « « « « € « « & «
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bias (CMCCE). Gray shading®hs the model spreack « « « « « « « « « « « « « «

FIGURE C.7Linear regression between®@entury biases for 42 models. (a) Regression between
annual trend bias and maxonth trend bias for the GP region. (b) Regression betweemmath

trend bias and vaidity bias for the US region. (c) Regression between seasonal average mean
bias and variability bias for the SW region. The regression line is shown in solid black with the
corresponding correlation coefficient, r, located at the top center of eachA pkxtond regression

that excludeshe 10% of models (4) with the largesagnitudex-axis variable bias shown with

a dashed line and the corresponding r value is in parentheses at the top right of each plot. Colored
r values represent significance ate t®5% confidence level, adjusted for reduced model
independence« LCER COR SR GO (R SR (O (O SO GO R SO GO (R SO R R (AR (O (R (O O (R (O (O (O (O (AR (R (¢

FIGURE C.8.Linear regression of 0century bias to Zlcentury RCP 8.5 (a,b,c) and RCP 4.5
(d,e,f) projected change for the southwestern US using@gls. Regression mean bias versus
variability change (a,d), spring mean bias versus variability change (b,e), and annual trend bias vs
annual trend change (c,f). The regression line is shown in solid black with the corresponding
correlation coefficient;, located at the top center of each plot. A second regression that excludes
the 10% of model3) with the largesinagnitudex-axis variable bias shown with a dashed line

and the corresponding r value is in parentheses at the top right of each plot. Colored r values
represent significance at the 95% confidence level, adjtmteeduced model independence...113
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FIGURE C.D. Same as Figure 8xcept for RCP 8.5 projected changes « « « « « «
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ABSTRACT

Rapid environmental changes linked to hurraduced increases in atmospheric
greenhousg@as concentrations have been observed on a global scale over recent decades. Given
the relative certainty of continued change across many earth systems, the information output from
climate models is an essential resource for adaptation planning. Bt fiacd of many known
modeling deficiencies, how confident can we be in model projections of future climate? It stands
to reason that a realistic simulation of the present climate is at least a necessary (but likely not
VXIILFLHQW UHT XL WaHilRyHOQ &dlidtkRdlly BmibIRt&the@IFnéte of the future. Here
| present the results of three studies that evaluat2dheenturyperformance of global climate
modelsfrom phase 5 of the Coupled Model Intercomparison Project (CMIP5)

The first stuly examines gecipitation, geopotential heigland wind fields from 21 CMIP5
modelsto determine how well the North American monsoon system (NAMSinulatedModels
that best capture larggeale circulation patterns at low lesakually have realisticepresentations
of the NAMS, but even the best models poorly represent monsoon retreat. Difficulty in
reproducing monsoon retreat results from an inaccurate representation of gradientteirelow
geopotential height across the larger region, which saarsenrealistic flux of lovlevel moisture
from the tropics into the NAMS region that extends well into the-pustisoon season.

The secondtudy examines the presence and severity of spurious -Gipdsumerical
oscillations across the CMIP5 suite difate models. The oscillations can appear as unrealistic
spatial waves near discontinuities or sharp gradients in global model fields (e.g., orography) and
have been a known problem for decades. Multiple methods of oscillation reduction exist;

consequenyl, the oscillations are presumed small in modern climate models and hence are rarely
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addressed in recent literature. Here we quantify the oscillations in 13 variables from 48 global
climate models along a Pacific ocean transect near the Andes. Resultshsttod8% of
nonspectral models and 95% of spectral models have at least one variable with oscillation
amplitude as large as, or greater than, atmospheric interannual variability.

The third study is an irdepth assessmentodel simulations of 20th centumonthly
minimum and maximum surface air tparature over eight US regionssing mean state, trend,
and variability bias metrics. Transparent model performance information is provided in the form
of model rankings for each bias type. A wide range in mskiéllis at the regional scale, boo
strong relationships are seen between any of the three bias types or betiveent@d bias and
215 century projected change. Using our model rankings, two smaller ensembles of models with
better performance over the southwestern U.S. are selbatetieyresult in negligible differences
from the altmodel ensembli the average 2icentury projecté temperature change and model
spread. In other words, models of varied quality (and complexity) are projecting very similar
changes in temperature, implying that the models are simulating warming for different physical
reasons. Despite this result, we gest that models with smaller?6entury biases have a greater
likelihood of being more physically realistic and therefore, more confidence can be placed in their
215 century projections as compared to projections from models that have demonstrabkilpoor
over the observational period. This type of analysis is essential for responsibly informing climate

resilience efforts.
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CHAPTER 1: INTRODUCTION

1.1 USING GLOBAL CLIMATE MODELS TO INFORMCLIMATE ADAPTATION PLANNING : MODELING
ISSUES

Increasingly science and technology are called upon to inform resilience efforts with
respect to climate change and other social or environmental ifesglént Barack Oban216,
Kintisch 2006, UNESCO 2000In the context otisingclimate model informationespasibly to
inform adaptation planning decisionsgientists must considernumber of remaining modeling

issuesandambiguities

1.1.a Modelncertainty Natural ClimateVariability, ScenarioUncertainty

Models are only approximations of reality andrdfore, multiple types afncertainty will
always existFor climate simulations, uncertainty arised only fromthemodeling process itself
but alsaofrom natural climate variability argtenario uncertainty (projections of future greenhouse
gas(GHG) emissions)

In global climate models, uncertaintyoccurs fora variety ofreasonsincluding limited
theoretical andobservational understanding of some earth system procdasesxample,
VFLHQWLVWY VWLOO DUH Q EWind-%dlterR OsZikabow (ENBFveNS,\soV U L J I H |
while ENSO variability appears in some models, others still struggle with realistic ENSO
simulation(Guilyardi 20195. This limitation also appears in the varied response across models to
identical scenarioforcing (Dessaiet al. 200%. Structural uncertainty, also referred to as model

inadequacy, is cauddy difficulty in mathematically describing known procesaesuratelyor
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because certain processes (e.g. dynamic vegetation) may be missing or appr@kimasteet al
2010) Parametric uncertaintgrises becausaibgrid scale processes such as cloud microphysics,
convection, turbulence, and vegetation processes musstimeated or empirically derived and
parameterized to themodelgrid scale(Knutti et al 2010) Additionally, somemodeling centers
over the past decade have transfedrtheir already complexoupled global climate models
(CGCMs into even more complex earth system models (ESMs). The new capabilities of CMIP5
ESMs include parameterizations for aetosleemistry and biogeochemical processes such as
carbon and nitrogen cyclinfraylor et al. 2012JPCC 2014. Thesemodel uncertaintiesand
differing levels of model complexitgontribute to the spread @MIP5 modelability to simulate
presentday and futire climate

Natural climate variability can be darge source ofuncertainty,especiallyat regional
spatial scales anoh multrdecadal and shorter timesca(&sllmann et al. 2014Northrop et al.
2014). Long-term modelintegrationsfrom the CMIP5 site are freerunning, meaning that they
are not initialized and forced with obsenash surface temperature and otiteservedonditions.
Instead, theyare spun up for a few hundred years to a gegslibrium state using a plausible
pre-industrial initialization Then, this state becomes thew initialization for running the
integrations forward through the presdotced onlywith observed timevarying atmospheric and
land surface condition&Stoufer et al. 2004, Taylor et al. 2@, Taylor et al. 2009, IPCC 20114
Because of this frerinning nature, there is no reason for model natural variability to align with
observed natural variability. For exampiee canf W H [f@é&r&nMng models to mirror the
timing and intensityf obeervedENSO eventsyhichcan result in shottterm model climatologies,

trends, and variability that differ from observatigrgfe et al. 2018
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Model projectionf future climateare driven by multiple scenarios GHG emissions
that prescribe futurertievarying atmospheric and land surface conditifreylor et al. 201p
Scenario uncertaintgrises from the facthat there is no way to know which of thefsgure
scenariosif any, will align most closely with realityFuture global emissions depend many
unpredictable policy choices, technological developments, and economic considerations.

Considering thesenany uncertainties, how close to reality should we expect a global

climate model to be”nd, what level of complexity is required for realissimulation of present
day and future climate conditionStmple models of other complex systems have been shown to
be reliable for decision making (Knutti 2010) andhare complex or higher resoluti@mimate
modelmay not be necessary to inform certain resilience efforts (Dunn et al. 204 8)imate
models are increasingly used to inform adaptation decisions, these considerations should be

included in discussions of uncertaintjth decision makers

1.1.b ModelPerformance Evaluation
Unlike weather model forecasts that deverified within a matter of days, the decadal
to century long lead times of climate model projectianakeverification impossiblen decision
making time scales hereforethecredibility of climate models must be established by evaluating
how well they simulate past and presday climate conditiondt stands to reason thatealistic
simulation of present climateonditionsis at least a necessary (but likely not sufficient)
rHTXLUHPHQW IRU D PRGHOYV Dot B right réaasondjie Bidaty/afithee D O O\ V
future. Clearly, understanding model performance as compared to observaticawvanety of

spatial and temporacalesduringthe 20th century is crudido understanding model capability
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and responsibly informing climate resilience effoMsnethelesst is still unclearexactlyhow to
judge model quality and reliabilifyandmajor questiongsemainincluding 1) How does model
performance in simulatingresent climate relate to future climate projectionsWaat metrics
should be used to separg@od models from bad models? andH&)w muchskill in simulating
present climate is due to calibration, tuning, or compensating errors?

Most straightforwardmetrics ofassessing modgerformancean simulating presentiay
climate such agoot mean square erraf the model climatology GRQ W FRUUUHKODWH Z|
climate projection®n a large scale (Knutti et al 20108B}ill, using projections from modelldt
have demonstrably poor skill over the observational pettodnform adaptation effortss
unwarranted and thereforaany methods of model ranking have been pursued (Giorgi et al. 2002,
Schmittner et al2005 Dessai et al2005, Maxino et al.2008 Perkins et al.2007). Model
performance similarities during the historical period have been shown to correlate to model
projection similarities for certain variables on regional and global scales (WhettoRG£ 4 but
defining historical performance imies that relate to predictive skill is a largely unsolved problem
(Knutti et al 2010b).

Separating good models from bad models depends on the question aRéseatchers
should evaluate climate models using metrics that are relevant tspkeificpurpose over their
region of interest (Maxino et al. 2008, Knutti 2010a). Model quality should be assessed using
multiple variablsand techniques that go beyond simply examining mean statiitice{ al. 2008,

Sun et al. 2015Maxino et al. 2008Knutti 2010. Even after developing applicativalevant
methods to assess model skill, the researcher must decide on where to place the threshold that

distinguishes good models from bad ones for their particular purpose. This process is quite
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ambiguous, with soe reseachers using natural breaks jperformance (M&no et al. 2008),
whereas others usgbitrarytop and bottom percentiles ainkedmodek (Geil et al. 2013, Geil
and Zeng 2015Knutti (2010a) suggesthat it may be less controversialdtiminatethe models
that clearly perform the worst in any particular assessmemtdaregree on the best models.
Researchers should also consider the éextent of radel calibration, tuning, and
compensating errois not transparentwhich can lead to overcadénce in model capabilityt is
difficult to determine whether excellent agreement between model simulations and observations
is the result of calibration and tuniogif the realistic simulations are actually correct for the right
physical reasons (Kt et al. 2008) Santer et al. (2009) suggest that using temporal and spatial
variability evaluation metrics offers a more stringent test of model capalslitge model
developers are able to tune models to capture mean climate characteristics, vdaistas
representation of variability is difficult to achieve through tuning aléiso, due to the limited
number of earth system observations, model evaluation is probably often conducted with the same
observational datasets that were used to deaidpune the model, which can lead to a warped

view of model capability (Knutti et al. 2010Qb)

1.1.c Multimodel Ensemble Averaging

It is also unclear as to how éggregatenodelinformationto oktain future climate
projections.Researchersnust grapfe with how tointerpret a combination omodels with
differing levels of complexity, whether averaging models tiogemakes physical sensehich

models to includeif multimodel ensemble (MME)averaging is approprigteor whether
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probabilistic methods ofaggregation are more robugtan MME averaging for a particular
application

Although CMIP model experiments are standardized, the suite of different models used to
run those experiments represeat diverse range ofmodel formulation, grid resolutiorand
complexity.Given these differences, individual models are simulating future warming for different
reasons (Knutti et al 2008). In spite of thisyanodeling center is allowed tontribute to CMIP
archives regardless omodel complexity or quality, which results in ambiguias tohow to
interpret sets of CMIP models (Knutti 2QIaylor et al. 201

The traditional method for aggregatingpdelinformation isto create a MME average
from all available model simulationSor mean climate simulatioof multiple combined variables
at global scalesanall-modelMME averagehas been shown to outperfoindividual modes,
probablydue tothe cancelation of random modeling error (Reichler et al. 26@8yever, an all
modelMME maynot be better than the single best model for any partiougan climate variable
and selection of a few good modélp to about 5jor averaging has been shown to substantially
decrease mean climate baescomparetb anall-modelIMME, at least fomean seasonal surface
air temperature (Knutti et al. 201@epending on the contextyeraging model information ma
not bephysicaly meaningful It may lead to urealistic effects likethe smoothing of patially
heterogeneous patterfi&nutti 2010) or yield physically implausibleresults. For example, in
situations where there is a tipping point between mulsgélesolutions, an average state may
not exist (Knutti €al. 2010).If MME averaging is appropriate, the researcher isdfagth the
guestions of which and how many models to include and whether to weight models, byhsil

if improperly implemented could result in overconfidence that can be more damaging for
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adaptation decision makirtgan using equal weighting or not aggating models at all (Knutti et
al. 2010)

All-model MME averages are considered by some scientists to be a naive approach to
understanding model performance and projected climate changes (Jun et al 2008, Maxino et al
2008). Some argue that if includiagry poorly performing models in ensemble averages improves
the average as compared to observations, then the improvement is for the wrong reasons (Maxino
et al. 2008) Dessai et al(2005 argue thatusing frequency distributions to aggregate model
projections as opposed to MME averages is a better fit for identifying appropriate adaptation
responses. Even when employing probabilistic methods though, the researcher must confront all

the same questions regarding model quaditsaluation, and selection

1.1.d Model Independence

Further complicating the interpretation of climate model information is the issue of model
independence. ignificant overlap exists betve modelsdue to the sharing of training data,
human expertise, and model cqékennell etal. 2011, Knutti 2010)Many models have highly
correlated biases (Jun et al. 2008, Pennell et al. 2011, Knutti 2010oasdlerable bias
commonality exists beyond just models developed at the same center (Pennell et al. 2011). Model
overlap results inraeffective number of climatsodels thats much smaller than the totaVhile
the effective number of climate models varies widely for individual model fields, Pennell et al.
(2011) estimate that on average, the effective number of CMIP3 models forottinern

hemisphere extratropics is between 7.5 and 9 from a total dh&Haises issues for probabilistic
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and statistical methods thatsame model independence dedds to overconfidencen model
projections, for example, due to confidence interttzds are too narroPennell et al. 2011)
Model projections are likely to be biased towardartificial consensughat is caused in
part bymodel overlap (Pennell et al. 2011) is reasonable to suspect that model similarities
WUDQVODWH LQWR D UHGXFHG UDQJH RI FOLPDWH FKDQJH S
uncertainty (Pennell et al. 2011, Knutti et al. 2008)ight of these facts, it is unclear which and
how many models should be uséd generag climate change projectionand how much
confidence can be placed on projectidnem a set of climate models that have so many

commonalities

1.2 USING GLOBAL CLIMATE MODELS FOR CLIMATE ADAPTATION PLANNING: APPLICATION ISSUES

Controlling and adapting to climate charge issueshat arenot easily defined and are
complexly interwoven across scientific, technological, environmental, social, economic, and
political boundaries. These types of wicked problenR @ W 3KIL Y $bions, but their
negative consequences can be mitigated through interdisciplinary collaboratikimg
knowledge to actiorgnd perseveranc€limate scientists can successfully contriliotenitigation
and adaptation effortgy using collaborative knowledge exchange processes to delalemnt,
credible, and legitimate informatiat the interface of science and decision making with serious

consideration of the ethical issues at play.
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1.2.a Salience, Credibility, Legitimacy

Linking knowledge to action through the productionuséble scienceequires that the
scientificinformationproducede perceivedy all stakeholderassalient, credible, and legitimate
(Cash et al. 2(8). Salience referto the relevance dheinformationin the context of user needs,
credibility refers to whether the informatias perceivedto be scientifically plausible and
technically adequate, and legitimacy refers to whether the informtgeif) theproducerof the
information and the process a@featng the information are perceivedto be unbiased and fair
(Cash et al. 2003 These threeslementsgenerate trusacross boundarieshape knowledge
exchange processeand increase the likelihoddatscientificinformation will be usedLacey et
al. 2015)

The slience credibility, and legitimacyf climateinformationcan be maximized when
the produceris dedicated to understanding the realm ofuker including their organizational
function, how information flows within their agency, how dgans are made, and their previous
experience with climate information (Meadow et al. 2016)s important for theproducerto
understandiserpriorities, decision making timelirggand the context in which the climate science
will be applied (Brugger ah Crimmins 2015)This type of knowledgewill help the producer
translate scientific informatiom understandable and salient wagsd also reveahe best ways
to makethe informationavailable and accessibte the userWhile keeping the focus on user
information needs, the pducer shoulduse robust disciplinary and interdisciplinary scientific
methods andddres user and stakeholder concerns about bias and fairness thrahgipoatess
of scientificknowledge creatiorfzor the user, usable sciens@inderstandable, accessible, salient,

HDV\ WR LOQWHJUDWH ZLWK H[LVWLQJ NQRZOHGJH DQG ILWV |
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al. 2015).Jacobs et al.2005 suggest asking a series guiestions to assess the usefulness of
scientific servicesaand products: 1) Are produceasking and answering relevant questions at
spatial and temporal scales relevant to the use€agjhe delivery of the scientific information
be timely such that it is useful for decision makir8)?Are the scientific findigs considered
accurate ah trustworthy by alktakeholders 4 Is the scientific information provided in a format
and translated in a way that is understandable togbe? % Is the scientific information useful
given the constraints in the decision nmakprocess?

Generating usable science and working successfully at the boundary of science and
decision making requiresXPLOLW\ WR UHFRJQL]H WKH OLPLVIRWLRQV |
openness and respect for other systems of thought. A scientist fimgtio this space will need
to augment their disciplinary knowledge with expertise in effective communication across
boundaries, facilitation, andolicy development, andnderstand the processes of knowledge

exchanggPreston et al. 2015)

1.2.b Knowladge Exchange

Knowledge exchange is the process by which itiierchange of knowledgeccurs
between scientifimformationproducers and users or decision makieencompasses knowledge
production, sharing, storage, mobilization, translation, and (@atanovic et al. 2015)
Historically, the transfer of knowleddeasoften followed the unidirectional knowledgeleficit
mode| where scientists as producers of knowledge makerasevailable to potentiaises.
Here,knowledge producers and users tave independent group$he knowledgedeficit model

considers th@ublicationof scientific journalarticles toadequately bring science knowtge into
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the public domain and leavéise uselor decision makeresponsible for locatingunderstanding,

and usng the scientific information (Cvitanovic et al. 2015)This model may produce highly
credible scientific information, but it is problematic for producing usable science that is also
perceived as salient and legitimate by usBugcess in achieving thetfgee elements timcrease

the usabity of scientific information is more likely to occur through collaborative and
participatory knowledge exchange and research processes (Cash et al. 2003).

Contemporary approaches to improving knowledge exchange betsegamtists and
decision makers include embeddingnowledge brokers boundary organizations, and
coproductionEmbedding refers to shete¢rm professional development or permanent adwvisory
type positions for research scientists within organizations daedray decision makers or for
decision makers within scientific organizations. These types of positions facilitate the spread of
knowledge across boundaries and the narrowing of priority knowledge(@eapanovic et al.
2015) The role of a knowledge brekis to facilitate the exchange of information amwagous
stakeholders (e.g. researchers, ptiacters,andpolicy makers)Knowledge brokers artgpically
based irsciencearesearch tean® institutions acing as intermediaries that develop relationships
with science producers and useasd facilitatingknowledge exchange across their network
(Cvitanovic et al. 2015)Boundary organizations facilitate knowledge exchange among diverse
networks of stakeholdersuch like knowledge brokers, but they are established as a separate entity
and are not typically embedded in institutional research te&ms.this reason, boundary
organizatios can more effectively represent both sides of the science and decision making
interface while maintaining credibilitghrough independeng¢€vitanovic et al. 2015Knowledge

coproduction,a widely advocated form of knowledge exchange, refers to a process alhere
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relevant stakeholders participate in all aspects of the reseaodrapr from onset to
implementation and aysis (Cvitanovic et al. 2015)

The principles of coproduction are: 1) establishing {ergn ongoing relationships
between researchers and decision makers, 2) ensurirggaw@ommunication, and 3) keeping
the facus on the production of usable science (Meadow et al 2015). Successful coproduction is
heavily reliant on iterativity (Meadow et al. 2015, Ferguson 2015), meaning that ongoingywo
interactions are essential and that the research and communicati@sspitself should be
malleable. Iterativity promotes evaluation and adjustment of research strategies and flexibility in
research direction and methods (Brugger @ndmins 2015). Ugront recognition of the need
and importance of iterativity is cruciabif all participants to successfully coproduce knowledge
and generate usable science (Ferguson 2015). The process of cohpnqaioenotes the salience,
credibility, and legitimacy of the information produced by crossing communication divides
between reseahers and decision makers, translating knowledge to action, and active mediation

of any conflicts that may arise (Cash et al. 2003).

1.2.c Ethics

The most broadly discussed ethical issue pertaining to climate clswpetherhuman
beingshave a respoislity to mitigate anthropogenic effects on the earth syst®mensure
sustainable use of natural resources and a livable environment for future genahdtienthis is
an important issue, there asomany ethicalssueertainng to the interface of climate science
researcland decision makinthat should be considerethe development of a recognized system

of professional ethics is being called,fior part due toconflicting climate science research results
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thatcanaffect thedirection of adaptation efforts. A system of professional ethics could enhance
the quality control of climate science reseatttht isintended to inform adaptation efforts and
protect the interests of adaptation practitiorfeesey et al. 2015)

For regarchers working at the boundary of climate sciemmbadaptation efforts, ethical
considerations should come into play with the choice of research methods, presentation of
uncertainty, interaction at the interface of science and decision making, atdetreaof
ambiguity With respect to research methods, the researcher should be aware of modeling issues
such as those discussed in Section 1.1camate defensible research methods rtlaatgate those
issues bearing in mind the intended use of the radeal contentious topic that often arises
around adaptation efforts is whether downscaled climate information is neeoiettr to make
soundadaptation decisions. Downscaled climate information can be no more reliable than the
global climate model simufi@ns on which the downscaling is based and does not automatically
imply better information (Taylor et al. 2012he assumptions antimitations of downscaling
processeare often not well understood or explained, which has led to contradictions ineclimat
projections (Hewitson et al. 2014) may be the casas in Australian viticulturghat thespatial
scales relevant to engserdecision makingcan be captured with the grid resolutioncofrent
global climate modelswhich is information that can keucidated by collaborative knowledge
exchange processes att@ understanding of user needs (Dunn et al. 20I5¢. uninformed or
inappropriate use of downscaling also affects the transparency of uncertainty. Researchers may be
unintentionally(or intentonally) SUHVHQWLQJ WKHLU ILQGLQJV DV XQFRQW
decision making process, without proper understanding of their own methodbgsumptions

and uncertaintie_acey et al 2015, Hewitson et al. 201Rgsearchers interactingthe interface
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of science and decision making should assume the role of an honest broker, providing factual
information that doesot reflect their own personal preferences, and never push specific methods
or results because of benefit to themselves. Céradfptation researchegspecifically, should

help users understand the full range of adaptation options that may be available, instead of only
the options that are relevant to themselves (Lacey et al 2@8hbiguity in climate adaptation
effortsis anopportunity to implement collaborative knowledge exchange procéegedign with

a broad set of values for explorimgultiple adaptation pathwayerward Although, there is
potential for asymmetric power relationships to develop in the face of amybighiere persuasive
behaviors are used tam@oit ambiguity for the gain of a single party over a broader benefit to all
involved stakeholderghis risk shoule understoodly stakeholders working at the sciercel

decision making interfacend managethrough ethical guidelinggleming et al. 2016)

1.3 0OBJECTIVES

Thecredibility of climate modelss established by evaluating how well they simulate past
and presentlay climate conditionsScience and technology are increasingly called upon to inform
climate change adaptation and resilience effa@t&l using projections from models that have
demonstrably poor skill over the observational period to inform these efforts is unwarranted. This
dissertation focuses on evaluating the skill of CMIP5 globahate models as compared to
observations over the $@entury.

The work presented in Appendix Aublished in the Journal of Climate (Geil et al. 2013),

examineshow well climate models simulatdhe North American monsoon system (NAMS)d

27



the causes ofleficienciesin poorly performing modelsAppendix B published in Geophysical
Research Letters (Geil and Zeng 2Q1éyamines the presence and severityunophysical
numerical oscillationsn global climate modelthat may affect the credibility of regiahscale
climate projectionsAppendix G which will be submitted tthe Journal of Applied Meteorology
and Climatologyis an indepth assessment of model simulation of 20th century monthly minimum
and maximum surface air temperature over the US on a regional basis.

In addition to these works, | have-aathoredfour other model evaluatiorand climate
change projectiostudies. In Sheffield et al. (2013), | contributed informatiorhtorical model
simulation of the NAMS, similar to the work in Appendix.An Maloney et al. (2014), |
contributed information on projected changes to the NAMS uthedgindings presented in
Appendix A. | also assisted in the preparation of data and manusagtipg for a study examining
the ability of CMIP5 models to simulate tropical depression wave activity and associated
environmental factors in Serra and Geil (2016). FinatlyZeng ad Geil (2016)) assisted with
the analysis and manuscript writing of a study develogagadal and longerm global warming

projections based amobservational datdriven model
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CHAPTER 2: PRESENT STUDY

2.1 ASSESSMENT OF CMIB MODEL SIMULATIONS OF THE NORTH AMERCAN MONSOON SYSTEM

Global and limitedarea model simulations have been conducted in the past to evaluate the
representation of thdorth American Monsoon System (NAM&nd the results show a wide range
of model ability but limitedinformation has been published on this topic using the latest set of
global climate models from phase 5 of the Coupled Model Intercomparison Project (CMiE5)
present study is comprised of a series of analyses aimed at assessing how@i¢lPthsuiteof
coupled general circulation models (CGCMsable torepresent the NAMS.

Two aralysis regions include a smdltx5° core domairin northwestern Mexicand an
extended domainovering the larger NAMS region that encompassest of Mexico and some
of the US south and western stat&@salyses includd) comparisorof the annual cycle of area
averaged monthly precipitatido observations and previously published CMIP3 resiés the
core monsoon domaif) a spatial correlation of monthly model pratagion, geopotential height,
and windto observations3) an assessment of monsoon onset and retreat dates as determined from
daily precipitation, and) a model composite analysis of the best versus the worst representations
of the NAMS.

There has beeno improvement in the magnitude of the mean annual cycle of monthly
precipitation over the core NAMS region since CMIP3, but the timing of seasonal changes in
precipitation has improved with 27% more CMIP5 than CMIP3 models having zero phase lag.

Despitethis, a few models do not have a recognizable monsoon signal at all. Also, the multi
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model mean annual cycle is biased wet and exhibits the common problem of late monsoon
termination.

Monsoon seasocorrelations ofmonthly modebutputto observationatlataestablish that
most models have the highest correlation at the I#8level and the lowest correlatisrior
precipitation however relatively good or bad performance at the BB&level is not predictive
of 850hPalevel or precipitation performance.

The multtmodel mean onset and retreat dates are 23 days early a@agysOlate,
respectively, using aabsolute criteria for defining monsoon onset and retreat. Yearly model onset
variability is comparable to that ¢fie observational data, but yearly model retreat variability is
much greater than what is seen in the observatidds. averagemodetrelative criteria for
determiningonset and retreaates result in less model biamparedhe absolutecriteriadue b
the prevailing webiasin model precipitation

An 850 hPacomposite of best models reproduces the development and mature stages of
the NAMS, but the composite of worst models fails to adequately illustrate most of the
precipitation and circulation features seen in the observations. Thestaigecirculation gttern
bias seen in the best model composite is spatially consistent over the larger region influencing
monsoon development, and thus still allows for a successful representation of the NAMS during
the development and mature stages. In contrast, thalspatinsistency of largscale circulation
pattern bias in the worst models prevents a realistic representation of the NAMS during the same
period. Neither the composite of best or worst models realistically captures the retreat of the
NAMS due to an exteded connection to tropical moisture that causes excessive fall and winter

precipitation. Models that best capture the relevant {acgée circulation patterns at low levels
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usually have a realistic representation of the NAMS, while performance dewaid does not
appear to be a major factor.

The importance of largscale features to the representation of the NAMS in CMIP5
modelsis clear and for many modetlsere is room for improvement in the representation of the
NAMS by way of more accurate repretsion of lowlevel largescale circulation features
Improvement in the representation of the NAMS in the best models is likely limited until increased

model resolution allows for the capture of srslle NANMS processes.

2.2 QUANTITATIVE CHARACTERIZATION OF SPURIOUSNUMERICAL OSCILLATIONS IN 48 CMIPS

MODELS

The presence of spurionsimerical oscillations (SNOSs) in global climate models has been
known for decades artths been previously shown to cause poor representation of precipitation,
wind, seasurface temperature, clouds, and mditee SNOs (in the form of Gibbs oscillations) are
most prevalent in models that use spectral numerics and @omipgromise the results oégional
climate analyses. This study provides a quantitative characterization of the SNOs in 48 CMIP5
models to draw awareness to the large SNOs present in these models.

An ocean transect at approximately 29° S that bisects the South Pacific High near the Andes
is used to examine the SNOs where they are most easily visible: over the ocean and near a steep
topographic gradieniVe use 2#ear climatological transects of monthly model variables over
ocean points only and compute smoothed versions of the transeappligyng a running mean.

Observations are treated in the same.Wayo metrics are used tdentify and quantitatively
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characteriz&NOsalong the transect. The firsttlee root mean square difference (RMSD) between
the climatological transect of a vasla and its running meargpresenting an absolute measure of
the oscillation amplitude. A relative measure is computeédeagatio of the RMSD to interannual
variability (IAV). At each transect pointhe standard deviation in time first calculated usg
annual average values. IAV is then obtained as the average along the entire transect.

For variables that have observations for comparison, 40% of models on average have
RMSD values greater than the RMSD value for observations along the trandgplied by a
factor of 5 Furthermore, 69%f the models have an RMSD:IANtio that is as largas,or larger
than,interannual variability along the study transect for at least one variable. This translates to
95% of spectral models and 48% radn-spectralmodels having at least one RMSD:IA¥(tio
greater than unity. The largest SNOs by absolute and relative measures are seen in spectral models
and in the surface pressure field, although smaller SNOs are visible in many of the variables
examined. For eightfdhe thirteen variables, at least one model (or as many as half for surface
pressure) has SNOs with amplitude as large as, or much larger than, the interannual variability of
those variables along the transect. These variables include surface prestaoe,saridional
winds, vertical velocity, surface air temperature, incoming surface radiation, and total cloud
amount. Also, regardless of the numerical method employed, model resolution does not predict
oscillation amplitude or prevalence.

The presencef large stationary numerical oscillations with amplitudes on the scale of
atmospherignterannual variability suggests that these oscillations are spurious and should not be
ignored. Despite thisSNOs are rarely mentioned in CMIP analysis literatorabably because

they are perceived as being small in modern climate models. Given past research by others and
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our present findings, there is no reason to believe that the spurious oscillations are benign to
climate simulations and they could very well hawnful impacts on the representation of

variables at local, regional, and global scales.

2.3EVALUATION OF THE MEAN STATE, TRENDS AND VARIABILITY IN C MIP5 MONTHLY SURFACE AIR
TEMPERATURE AT REGINAL SCALES OVER THEU.S. FOR APPLICATION TO Q@IMATE ADAPTATION

PLANNING

Given the relative certainty of continueapid change across many earth systems, local
and regional decision makers are increasingly interestdiate changelanningand adaptation
methods These decien makers need climate model projections on relevanporaland spatial
scales, as well as assessments of model reliability in order to make confident planning decisions.
Here, we presentneanalysis of individual model simulations of monthly averageimum and
maximum surface air temperature (Tmin, Tmexprovde a clearer picture of model capalyilit
for adaptation and resilience planning efforts

Areaaveraged model and observed'2@ntury time series fagightregiors in the United
Statesare ugd to assess biases in model lb@ign mean state, trend, and variabilfodel mean
climateis examinedising longterm annual and seasonal averaljesar trendsre assessed using
annualand monthlyaverage temperature, ailde standard deviation dfie detrended monthly
temperature anomaly time serissused toassess variabilityTransparent model performance

information is provided in the form of model rankings for each bias type.
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A wide range in model skill is seen even for long term mean clisnaglation where the
highest skill is expected, and much of the ensemble cannot reproduce significant observed long
term trends at monthly resolution. No strong relationships are seen between any of the three bias
types or between J0century bias and 2century projected change. Using our model rankings,
two smaller ensembles of models with better performance over the southwestern U.S. are selected
and their 2% century projections are compared to those of thenallel ensemble. For the
southwest, costraining temperature projections with muttodel ensembles that have smaf'20
century bias results in negligible differences in the nmbidel ensemble averages2dentury
projected temperature change and model spread. In other words, modelgdfquality (and
complexity) are projecting very similar changes in temperature, implying that the models are
simulating warming for different physical reasons.

Despite theseesuls, we suggest that models with smallef' 2@ntury biases have a greater
likelihood of being more physically realistigth respect to both historical and future simulations,
and therefore, more confidence can be placed in théic@dtury projections as compared to
projections from models that have demonstrably poor skill iimeobservational period. This type

of analysis is essential for responsibly informing climate resilience efforts.

2.4 FUTURE RESEARCH DIRETIONS

Much research is needed on how to responsibly utilize climate model information with
respect to climate change vulnerability assessment and resilience planning efforts. This type of

work can be broken down into many research@tlegories, of which the ffowing list is by no
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means comprehensive. bEFMONSTRATING MODEL CAPABILITY : transparent and idepth mult
metric planningrelevant performance assessments of model skill comparedtacet@iury
observations on a range of spatial and temporal scaleSEFRRJING CONFIDENCE N MODEL
PROJECTIONS how to interpret or adjust confidence in model projections for any given
vulnerability or resilience effort based on'2@entury model performance information. 3)
APPLYING MODEL ENSEMBLES what methods to use fahoosing or combining climate model
projections for vulnerability and resilience efforts, how to account for the issue of model overlap,
how to describe and understand projection uncertainty in a planning contestow) EDGE
EXCHANGE BEST PRACTCES expansion of specific best practices for the facilitation of climate
model knowledge exchange among scientists and practitioners when{pea¢ingito use climate
model projections for decision making. )OWLEDGE EXCHANGE ASESSMENT defining metrics
to measure knowledge exchange success and the usability of any scientific information created.
The three manuscripts introduced in Sections223land presented in the Appendices of
this dissertation mainly fall under the first researchcatiegory defined B R YOEM@NSTRATING
MODEL CAPABILITY ° DOWKRXJK WKH PRVW UHFHQW PDQXVFULSW $S¢
sub F D W H J R UJEHNNGAE@NRIDENCEIN MODEL PROJECTIONS D Q G WPRIMIkGHODEL
ENSEMBLESS $00 WKUHH PDQ X VR tbkéaitV JuegtdnsUhat RiSoCr&l Zvithin the
abovedefined applied climate modeling research-sategories.
In Appendix A we show a range of model skill in simulating the NAMS, although most
models have large wet biases and do not properly simulate the m@esson retreat due to large
scale lowlevel circulation issues that result in a prolonged connection to tropical moisture. We

look at future projections for the core NAMS region in Maloney et al. (2014) and find a projected
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MME-average annual mean dryiafj22.2% by the end of the 2tentury when using a iGodel
ensemble that includes top performers and poor performers (based on the research in Appendix
A). When using a 9nodel ensemble of only top performers the MislNerage annual mean
projected dryig is reduced to 15.4%, while the drying projected from the model that best simulates
the NAMS in the 2t century is only 5.3%. Folloven research questions could include: During
which months is most of the projected drying occurring? What doesdagde circulation in the
larger monsoon region look like in the future? What-lewel circulation changes acausing the
predicted drying in the good vs. poor historical performing models? Is future NAMS region
circulation change related to historical model performance in a way that can inform our confidence
in model projections of change? These questions aredaat using model capability information

to adjust our confidence in projections of future change, which falls under the secaradesydry

Rl FOLPDWH PRGHO D SESIKONGFEDNAMBERARIN MbDYIHPROEEHONS $QVZHUV
to these questions cousdso help define appropriate methods for choosing or combining model
projections in the NAMS region for resilience planning purposes, which is researchtegbry

W K WkPHCATION OF MODELENSEMBLES’

In Appendix B, we show that large spurious nunarascillations are indeed present in
most stateof-the-art climate models on the scale of atmospheric interannual variability near steep
terrain. Spurious oscillations of this scale are likely not benign to climate simulations. 46ollow
research could olude the demonstration of future projection differences between ensembles of
best and worst performing models with respect to spurious oscillations. An area that may yield
impactful results is located off of the South American coast near the Andes, sehsgeof the

largest spurious oscillations are seen. How much do the oscillations affect the simulation of
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regional upwelling and do they affect the simulation of EI Ndmuthern Oscillation (ENSO)
events? Do models with small or no spurious oscillationslate ENSO frequency, intensity, and
duration more realistically than models with large spurious oscillations? This type of research falls
in large part under the first sub D W H DERMONSTRATING MODELCAPABILITY ~

In Appendix C, we show a large ranigemodel skill in simulating the #0century mean,
trend, and variability in monthly surface air temperature at regional scales in the US. Despite this
fact,constraining temperature projections with mutibdel ensembles that have small' 2@ntury
bias results in negligible differences in the multodel ensemble averages2dentury projected
temperature change and model spreddeast for the southwest US regidimis work focused
only on regionally averaged temperature, therefore, the physicé#nexipns for the large
differences in model skill remain unknown. Foll@n research could use additional model
variables to explain the physical reasons for large model biases, which may help shed light on why
20" century model bias is inconsequent@Pt® century temperature projections. Also, extending
the analysis at least to precipitation would be very informative for practitioners. These research
ideas fall under suld- D W H J R UREMONSTRAING MODEL CAPABILITY * DQ G \OWEZIRING
CONFIDENCE INMODEL PROJECTIONS

Another essential future research direction is the assessment of the limitations of
downscaling techniques and how downscaled output relates to the original global model input.
Downscaling techniques are currently being used for vubilgyaand resilience efforts, and in
regional and national climate assessments, despite the fact that the assumptions and limitations of
downscaled climate products are not well understood. Responsible use of climate model

information for decision makingequires transparent and uselevant assessments of downscaled
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climate products. This research would be most closely associated with the first research sub
F D W H OEMONSTRATING MODELCAPABILITY ©° DOWKRXJK LW FRXOG HDVLO\ LQF
categoi. HV WEEIRING CONFIDENCEIN MODEL PROJECTIONS D QG VaeLlYINGHMGDEL
ENSEMBLES’

Finally, case studies in the realms of climate vulnerability assessment, resilience planning,
and the knowledge exchange processes involved are critically neededernepewed
publications. More documentation of both successful and unsuccessful vulnerability and resilience
efforts are needed in order to improve knowledge exchange processes, clearly define best practices,
and develop assessment metrics to measursuiteess of knowledge exchange processes and
usable science products. Wdlbcumented case studies could advance understanding in all of the

five research subategories defined in this section
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Quantitative characterization of spurious numerical
oscillations in 48 CMIP5 models
Kerrie L. Geil' and Xubin Zeng’

! Department of Atmospheric Sciences, University of Arizona, Tucson, Arizona, USA

Abstract Spurious numerical oscillations (SNOs) (e.g., Gibbs oscillations) can appear as unrealistic spatial
waves near discontinuities or sharp gradients in global model fields (e.g., orography) and have been a known
problem in global models for decades. Multiple methods of oscillation reduction exist; consequently, the
oscillations are presumed small in modern climate models and hence are rarely addressed in recent literature.
Here we use two metrics to quantify SNOs in 13 variables from 48 Coupled Model Intercomparison Project
Phase 5 models along a Pacific ocean transect near the Andes. Results show that 48% of nonspectral models
and 95% of spectral models have at least one variable with SNO amplitude as large as, or greater than,
atmospheric interannual variability. The impact of SNOs on climate simulations should be thoroughly
evaluated and further efforts to substantially reduce SNOs in climate models are urgently needed.

1. Introduction

Global climate models play a critical role in our understanding of climate processes and our ability to make
climate projections. They are an invaluable tool in a climate scientist’s toolbox, and projections from these
models are increasingly used by nonscientists for climate planning and adaptation purposes. The ability to
model climate has undergone vast improvement in recent decades, but model development is an ongoing
process and it is no secret that model deficiencies still exist. Many deficiencies are complex and difficult to
pinpoint, whereas other deficiencies are well known and can be reduced or eliminated using
proven methods.

Spurious numerical oscillations (hereafter referred to as SNOs) are a well-known source of numerical noise in
global climate models. In spectral models, SNOs (also known as (aka) Gibbs oscillations) are unrealistic
spatial waves that appear in model fields, such as orography, that contain discontinuities or sharp
gradients and are mainly associated with the transformation of the truncated spectral representation of a
field to physical space. For spherical harmonics, used in spectral global climate models, the oscillations
come from two sources, namely, the Fourier transform for longitude and the Legendre transform for
latitude. Similar looking SNOs are present near sharp gradients in nonspectral models (e.g., models that
use only finite difference, finite element, and finite volume methods), although these oscillations are
usually more localized.

Spectral model results have been shown to be sensitive to the transformed orography and spectral
resolution, where simulation of variables such as precipitation over mountainous terrain is more realistic
across multiple scales when using smoothed orography and when the same model is run at higher
resolution versus a lower resolution [Lindberg and Broccoli, 1996; Yorgun and Rood, 2014, 2015]. Local-,
regional-, and global-scale precipitation patterns, among other model variables, can be affected by SNOs.
Local issues can include grid-point storms near mountainous terrain caused by spurious vertical velocity
associated with SNOs [Webster et al, 2003] and a connection between SNOs and unrealistic bands of
precipitation [Bouteloup, 1995]. Locally and regionally, poor representation of precipitation near
mountainous terrain [Bala et al., 2008; Yorgun and Rood, 2014, 2015] has been associated with spectral
numerics. SNOs have been the cause of unrealistic “spotty” precipitation over the Sahel region of Africa
[Navarra et al, 1994] and have also been shown to be detrimental to global precipitation patterns
[Lindberg and Broccoli, 1996]. Additionally, SNOs have been associated with the poor representation of low
clouds, radiation, surface wind stress, and sea surface temperature near upwelling regions [Bala et al,
2008], clouds, and low-level meridional wind [Navarra et al, 1994] and near-surface winds [Bouteloup,
1995]. It is also important to note that SNO amplitude is variable across model quantities, which can result
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in physical inconsistencies, nonlinear interactions between model physics and dynamics, and have serious
impacts on model budgets [Jablonowski and Williamson, 2011]. This point becomes especially important
when considering tracer transport in a model, where spurious oscillations can cause unphysical quantities
such as negative mixing ratios.

A number of techniques have been developed to reduce the unwanted SNOs in order to improve model
results. In spectral models, these techniques include filters that are applied to the harmonic coefficients
of the spectral representation of a field [e.g, Hoskins, 1980; Sardeshmukh and Hoskins, 1984; Navarra
et al, 1994; Lindberg and Broccoli, 1996] and a variational method that minimizes the difference
between an actual field and the grid point representation of the spectral field using a cost function
that allows for geographic modulation [Bouteloup, 1995]. In nonspectral models, SNOs can be reduced
by physical diffusion of subgrid-scale energy within model parameterizations [Pielke, 2002; Warner,
2011], with the use of spatial diffusion terms (filters) in the predictive equations to numerically diffuse
shorter wavelengths [Pielke, 2002; Warner, 2011] and with the use of certain implicit numerical
schemes [Navarra et al., 1994; Warner, 2011]. For an additional source of detailed information on filters
and diffusion in global spectral and nonspectral models, the reader is referred to Jablonowski and
Williamson [2011].

Given the detrimental nature of SNOs to model simulations, climate simulations based on models
containing these oscillations could be compromised. The questions are then how pervasive are SNOs in
Coupled Model Intercomparison Project Phase 5 (CMIP5) models and what are their quantitative
characteristics? The purpose of this paper is to address these questions and more generally to draw
greater awareness of SNOs in CMIP5 models, with the hope that modeling groups will act to
substantially reduce oscillation biases,

2. Model Simulations, Observations, and Methods

The source of climate simulations is the CMIP5 multimodel ensemble archive (http://pcdmi9.linl.gov). For this
analysis, we use one ensemble member for 27 years (1979-2005) of the historical experiment, which imposes
changing atmospheric and land surface conditions consistent with past observations. More detail regarding
CMIP5 experimental design is provided in Taylor et al. [2009, 2012]. Table S1 in the supporting information
provides information, including atmospheric model component resolution, on the models used for
this study.

For model evaluations, we choose observational data sets with minimal or no use of global models during the
data development process. For this reason, reanalyses are not used. Wind observations are from the Cross-
Calibrated Multi-Platform (CCMP) ocean surface wind vector analyses [Atlas et al, 2011], precipitation
observations are from the Tropical Rainfall Measuring Mission (TRMM) 3B43v7 product [Huffman et al,
2007], and air temperature and specific humidity observations at 1000 mb are from the Atmospheric
Infrared Sounder (AIRS) [Aumann et al., 2003]. Observations of downwelling shortwave and longwave
radiation at the surface come from the Clouds and the Earth’s Radiant Energy System (CERES) [Kato et al.,
2013], and total cloud amount is from the Moderate Resolution Imaging Spectroradiometer (MODIS)
[Hubanks et al, 2008]. All observations used are at monthly time resolution, and the number of
consecutive years used is data set dependent, with the shortest observational span being 8 years for AIRS
(2003-2010) and the longest being 24 years for CCMP (1988-2011).

An ocean transect at approximately 29°S that bisects the South Pacific High near the Andes is used to
examine the SNOs where they are most easily visible based on Figure 1: over the ocean and near a steep
topographic gradient. We use 27-year climatological transects of monthly model variables over ocean
points only and compute smoothed versions of the transects by applying a running mean. Three points
are used to compute the running mean for the large majority of models, but we use four or five points for
a small number of models based on visual inspection of the best fit for each model (see Figure S1 in the
supporting information), in an attempt to obtain the smoothest running mean possible without losing too
many end points. This is necessary due to varying model resolutions and varying SNO wavelengths even
within specific spectral models. A sensitivity test of our results to the number of points used to compute
the running mean was performed and revealed low sensitivity. The transect latitude is chosen as the
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Figure 1. Surface pressure (mb) for nine spectral models (spectral resolution increasing from top left to bottom right)
shows the large range in wavelength and amplitude of the spurious numerical oscillations (aka Gibbs oscillations in
spectral models). The middle plot displays the location of the transect (horizontal black line) used to quantify numerical
oscillations in subsequent figures.

closest model latitude to 29°S; therefore, it varies between 27.8°S and 30.3°S. Observations are treated in the
same way except that the number of years used for the transect climatology is data set dependent and the
number of points used for the running mean varies from 3 to 10.

Polynomial and spline curve fitting methods were also attempted, but the running mean is the superior
smoothing method because it consistently aligns best with the unsmoothed transects. The small area that
contains all the model and data transects is shown in the middle plot of Figure 1. A closer view of the
transect area over climatological (1979-2004) sea level pressure from the HadSLP2 data set [Allan and
Ansell, 2006] is shown in Figure S2 in the supporting information. See Figure S1 in the supporting
information for examples of the variable transects and running mean curves.

We identify and quantitatively characterize SNOs along the transect using two metrics. The first is the root-
mean-square difference (RMSD) between the climatological transect of a variable and its running mean,
representing an absolute measure of the oscillation amplitude. A relative measure is computed as the ratio
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Ideally, we would begin the analysis by
looking at orography, but many of the
spectral models do not provide the
transformed field, such that spurious
numerical oscillations are not present in
the model orography output available
from the PCMDI archive. Therefore, a
suitable starting point is the surface
pressure field.

s] CNRM-CM5 |

Surface Pressure (mb)
o

. L Figure 1 shows the large range in
s{ MRI-CGCM3 | wavelength and amplitude of SNOs
from nine spectral models. In spectral
models, the oscillation wavelength
\ decreases with increasing spectral
7 seasonaL ava Taansecr sssaoon || T@SOlUtion. For example, along the ocean
41 [ 4 SME ) [ transect shown in the middle plot (also

8 J—— 12M0 AvG TRANSECT (19792008 -8 4 — ;V;:‘T:: ggx' [ see Figure S2 in the supporting informa-
! . i : tion), the coarse resolution (R21) CSIRO-

1oow sow 1oow sow Mk3L-1-2 model has an average SNO

Figure 2. Transects for a spectral model with (top) large, (middle) moderate, wavelength of ~12°. The wavelength

and (bottom) small amplitude surface pressure oscillations. The left column ~ decreases to ~9° in the MPI-ESM-MR

shows 12 month average transects during the 27 year study period, where  model (midresolution of T63) and to

the mealn of eat:httransec[tS rflas :een remotved. The( right columne;r;ows ~3°in the finer resolution (T159) CMCC-
T, r I .

seasonal average transects for five separate years (mean remov: CM model (see Table S1 for model

details). The linear correlation between the average oscillation wavelength along the transect and the physical
grid spacing in spectral models is high (»=0.88) and the average wavelength ranges from 2.5Ax to 4.5Ax
(where Ax is grid size in the zonal direction). For nonspectral models, the correlation is slightly lower
(p=0.69) and the oscillation wavelength is 2Ax, with few exceptions.

Surface Pressure (mb)
o
=
o

Some models, such as the MIROC4h and BCC-CSM1.1 m shown in Figure 1, have very limited or small SNOs,
and the biggest issue appears to be the spike in surface pressure just off the west coast of continents,
especially near high terrain like the Andes (also see Figure S3 in the supporting information). Most other
models also have this issue, but the problem exists in combination with larger-amplitude SNOs that spread
across the oceans. Models with larger-amplitude SNOs, such as the CSIRO-Mk3L-1-2, CMCC-CESM, and MPI-
ESM-MR models, do not even coherently capture the surface subtropical centers of high pressure. Note
that SNOs are present not just over the South Pacific Ocean but can be seen globally over ocean regions
and can also be seen over some land regions (see, for example, the Amazon region in the MPI-ESM-MR,
MIROCS, and CMCC-CM plots in Figure 1).

Figure 2 shows the seasonal and interannual variations of SNOs for three spectral models with large-,
moderate-, and small-amplitude oscillations in surface pressure. It is clear that the minima and maxima of
the oscillations are stationary both interannually and interseasonally. The stationarity of the oscillations
reinforces that they are spurious oscillations as opposed to physical waves resultant from other
model processes.

Before computing the model SNO metrics, we first determine if physical oscillations exist along the transect
based on observations. Figure 3 shows climatological transects for eight observational data sets. While there

GEIL AND ZENG

SPURIOUS NUMERICAL OSCILLATIONS IN CMIP5 5069

62



@AG U Geophysical Research Letters 10.1002/2015GL063931

CCMP CCMP TRMM _ AIRS
15 . - 2.4 h 3 s
<
& 0 uas F 56”‘ vas § 20 pr 2105 huss
£ 059 FE £
;00 ;40_ _§1e -810.0
£ £ E 1.2 L2 g5
T i L E T e
5 0% Z 20 | 2 ©
£ 1.0 F o g o8 § 90
@ 5] 200 S 0.4 §_
8.5
=2.0, T 0.0 @
120W 0W 120W W T20W 20w 120w S0W
- AIRS sres._ CERES ™ CERES ; MODIS
o § g 9
£ 501 tas | £amn0 £ 219 FE clt
2 2 365 2 216 [ 570
. - o
s 5 5 213 I E
8 3 3601 L3 @ 68
= 289 -]
s :;)355 % 210 é
= 2884 S S 207 I S 66
8 3% rlds 2 . sds g
B 90W 3w 90W 120W 90W - Lr oo

Figure 3. Climatological transects for eight satellite observational data sets (see section 2). From top left to bottom right: Cross-Calibrated Multi-Platform (CCMP)
zonal (U) and meridional wind (V), Tropical Rainfall Measuring Mission (TRMM) precipitation (pr), Atmospheric Infrared Sounder (AIRS) specific humidity (Q) and
air temperature (T) at 1000 mb, Clouds and the Earth’s Radiant Energy System (CERES) downwelling longwave (rlds) and shortwave (rsds) radiation at the surface, and
Moderate Resolution Imaging Spectroradiometer (MODIS) total cloud amount (clt).

are no large oscillations such as those seen in Figures 1 and 2, some observations do show small bumps or
ripples along the transect (see precipitation (pr), surface downwelling shortwave radiation (rsds), and total
cloud amount (clt) plots in Figure 3). For this reason, we compute the SNO metrics based on the
observations as a reference to be compared to model results. Only when the model metric values are
much greater than the data metric values can we claim the model oscillations are spurious. For RMSD, the
threshold value is arbitrarily defined as the observed metric value multiplied by a large factor of 5. For the
RMSD:IAV ratio, we use a threshold value of unity (meaning the amplitude of spurious oscillations is at
least as large as atmospheric interannual variability along the transect) and a more restrictive threshold of
one half, which is still at least 5 times the RMSD:IAV ratio value for any given observational variable.

RMSD values along the ocean transect for 13 variables (columns) are shown for the 90th, 50th, and 10th
percentile spectral and nonspectral models in Figure 4, along with the RMSD value based on observations
(bottom row) if available. RMSD values larger than the observational value times a factor of 5 can be seen
even in the 10th percentile of spectral models (only for downwelling longwave radiation at the surface;
rlds). At the 90th percentile, seven out of the eight spectral model variables with observations for

wap wap pr g9 zg
ps uas vas 925 500 (mm/ huss tas fsds rlds 925 500 cit
(mb) (mis) (mis) (Pals) (Pals) day) (g/kg) (K) (Wim?) (Wim®) (m) (m) (%)

90th 8428 0.225 0.375 0.031 0.008 0.164 0.065 0.427 8.782 4.668 3.201 1.718 5.208
50th 2339 0.081 0.187 0.017 0.006 0.076 0.049 0136 3.153 1.389 0549 0496 1.523
10th 0915 0.031 0096 0.003 0.002 0.027 0.020 0055 1.262 0.816 0.235 0.288 0.645

spectral

90th 1425 0.332 0.691 0.016 0.030 0.068 0.079 0.289 3.609 2.604 1826 1453 2.171
50th 0.175 0.073 0.193 0.002 0.004 0.023 0.034 0.078 0.703 0.372 0.589 0.269 0.437
10th 0.026 0.018 0.016 0.001 0.002 0.008 0.019 0.021 0.248 0.116 0.158 0.118 0.265

finite

oBS - 0023 0030 -- -~ 0.021 0023 0034 0383 0.147 - — 0.165

Figure 4. RMSD percentile values of spectral and nonspectral models (refer to text for explanation of RMSD computation)
for 13 variables, which include surface pressure (ps), near-surface u-wind (uas), and v-wind (vas), vertical velocity at 925 mb
(wap 925) and 500 mb (wap 500), precipitation (pr), surface specific humidity (huss), surface air temperature (tas), surface
incoming solar radiation (rsds) and incoming longwave radiation (rlds), geopotential height at 925 mb (zg 925) and 500 mb
(zg 500), and total cloud amount (clt). RMSD values for observational data are shown on the bottom row. The red text
indicates values greater than or equal to the observed value multiplied by a factor of 5, whereas the blue text indicates
values below this threshold. Model results are shown in black for variables when there are no observations for comparison.
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Figure 5. Same as Figure 4 except for the RMSD:IAV ratio. The red and orange text highlight values greater than unity and
one half, respectively. Values less than one half are shown in black.

comparison have RMSD values larger than the threshold. For nonspectral models, large RMSD values are only
found for one variable at the 50th percentile (surface meridional wind; vas) and for six out of the eight
variables with observations for comparison at the 90th percentile, although many of these values are
smaller than those seen for spectral models. Some models, mostly spectral, have RMSD values that are
very large. For example, the largest RMSD values for surface pressure, downwelling shortwave radiation at
the surface, and total cloud amount are 18.88mb, 9.31Wm ™2, and 5.23%, respectively (see Figure S4 in
the supporting information for individual model results).

Figure 5 shows that the observed RMSD:IAV ratio (bottom row) is always less than 0.1 for each of the eight
data sets. Regardless of spectral versus nonspectral numerics, many models have RMSD:IAV ratios that are
less than the threshold values. Variables that are relatively oscillation-free include specific humidity at the
surface (huss) and geopotential height at 925 and 500 mb (zg 925, zg 500). For most spectral models,
the RMSD:IAV ratio is highest for surface pressure and vertical velocity at 925mb (see Figure S5 in the
supporting information for individual model results). Large oscillations are seen in these two variables
even at the 10th percentile in spectral models. For one spectral model, the amplitude of SNOs in the
surface pressure field is a staggering 29.32 times larger than the year-to-year variability along the transect
(Figure S5 in the supporting information). In nonspectral models, the largest-amplitude oscillations are
found in the vertical velocity field at 925 and 500 mb. Nonspectral models have no RMSD:IAV ratios over
the threshold values at the 50th percentile, whereas spectral models show large RMSD:IAV ratios at the
50th percentile for surface pressure, vertical velocity at 925 and 500 mb, meridional surface wind,
incoming shortwave and longwave radiation at the surface, and total cloud amount (Figure 5). At the 90th
percentile, both spectral and nonspectral models have large RMSD:IAV ratio values for most variables,
although most spectral model values are larger.

Of the 48 models in this study, 69% of the models have an RMSD:IAV ratio larger than unity for at least one
variable, and this increases to 83% of all models if considering an RMSD:IAV ratio of one half. This statistic can
be translated in terms of spectral versus nonspectral numerical methods as follows: 95% of spectral models
and 48% of nonspectral models have at least one RMSD:IAV ratio greater than unity, and these percentages
increase to 100% of spectral and 70% of nonspectral models if considering an RMSD:IAV ratio of one half.

While model resolution affects the wavelength of SNOs as discussed previously, it is not a predictor of
oscillation amplitude or prevalence. The linear correlation between average oscillation amplitude along
the transect and physical grid spacing is low for spectral (p =0.37) and nonspectral models (p =0.34). The
models with large values of both metrics for multiple variables span the gamut of model resolution. These
models include CMCC-CESM (low resolution of T31/3.75°), the MPI suite (moderate resolution of
T63/1.875°), and the MRI suite (higher resolution of T159/1.125°). Additionally, the best performing spectral
models with respect to both metrics (EC-EARTH, MIROC4h, and BNU-ESM) are a mixture of lower and
higher-resolution models, with resolutions of T159/1.125°, T213/0.5625°, and T42/2.8°, respectively (see
Figures S4 and S5 in the supporting information for individual model results and Table S1 for additional
model details).

Note that sometimes large values of both metrics can be caused not by large SNOs along the entire transect,
but instead by more localized issues near the ocean-land transition. This occurs mostly in nonspectral models.
For example, the premature decrease of surface pressure over ocean points approaching land (as illustrated
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for some models in Figure S3 in the supporting information) causes high values of both metrics for the
FGOALS-g2, INM-CM4, and most of the GFDL suite models. There are also a few spectral models with
generally small spurious oscillations in surface pressure that end up with large values for both metrics
because of one very large oscillation near the ocean-land transition. These models include BCC-CSM1.1 m
and the MIROC suite (see the BCC-C5M1.1 m, MIROC5, and MIROC4h plots in Figure 1 and Figure 53 in the
supporting information). Steep and most likely spurious gradients are also seen in the meridional surface
wind field over ocean points approaching land in the GISS suite and HadCM3 models (Figure S3 in the
supporting information).

4. Summary

The presence of spurious numerical oscillations (SNOs) in global climate models has been known for decades
and has been previously shown to cause poor representation of precipitation, wind, sea surface temperature,
clouds, and more. The SNOs (in the form of Gibbs oscillations) are most prevalent in models that use spectral
numerics and could compromise the results of scientific climate analyses. This study provides a quantitative
characterization of the SNOs in 48 CMIP5 models to draw awareness to the large SNOs present in
these models.

For variables that have observations for comparison, 40% of models on average have RMSD values greater
than the RMSD value for observations along the transect multiplied by a large factor of 5 (see Figure S4 in
the supporting information). Furthermore, 69% of the models have an RMSD:IAV ratio that is as large as, or
larger than, interannual variability along the study transect for at least one variable. This translates to 95%
of spectral models and 48% of nonspectral models having at least one RMSD:IAV ratio greater than unity.
The largest SNOs by absolute and relative measures are seen in spectral models and in the surface
pressure field, although smaller SNOs are visible in many of the variables examined. For 8 of the 13
variables, at least one model (or as many as half for surface pressure) has SNOs with amplitude as large as,
or much larger than, the interannual variability of those variables along the transect. These variables
include surface pressure, surface meridional winds, vertical velocity, surface air temperature, incoming
surface radiation, and total cloud amount. Also, regardless of the numerical method employed, model
resolution does not predict oscillation amplitude or prevalence.

The presence of large stationary numerical oscillations with amplitudes on the scale of atmospheric
interannual variability suggests that these oscillations are spurious and should not be ignored. Despite this,
SNOs are rarely mentioned in CMIP analysis literature probably because they are perceived as being small
in modern climate models. Given past research by others and our present findings, there is no reason to
believe that the spurious oscillations are benign to climate simulations and they could very well have
harmful impacts on the representation of variables at local, regional, and global scales. Future studies are
needed to quantify how the SNOs affect model climate processes or the quality and robustness of the
model simulations in general. The statistics presented in this paper could affect the design of future CMIP
analyses, and we encourage the CMIP analysis community to address the potential impacts of these
findings. The CMIP modeling groups are also urged to share information on the specific treatments of the
oscillations or lack thereof so that SNOs can be substantially reduced in all climate models (e.g., for future
CMIP activities).
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Figure Si. Climatological precipitation transects
(black) and the corresponding running mean curves
(red) used to compute RMSD values; shown for a
spectral model (CMCC-CM; top), a finite volume
model (GFDL-ESM2M; middle), and TRMM data
(bottom). The number of points used to compute
each running mean is labeled as ‘npts’. Note that the
transect approaches the South American coast as
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Figure S2. The region of model transects shown over climatological (1979-2004) sea level pressure from
the HadSLP2 dataset. The transects bisect the South Pacific subtropical surface high. Transects are
chosen as the model latitude closest to 29° S, which ranges between 27.8° S and 30.3° S. The
westernmost transect longitude is the closest model grid point approaching 112° W from the west and
the easternmost longitude point is one to two model grid points westward of the first continental model

grid point (dependent on the number of grid points used to compute the running mean).
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Abstract

Model simulations of20th century monthly minimum and maximum surface air
temperature over eight US regions are assessed using mean state, trend, and variability bias
metrics. Transparent model performance information is provided in the form of model rankings
for each bias typ. A wide range in model skill is seen even for long term mean climate simulation
where the highest skill is expected, and much of the ensemble cannot reproduce significant
observed long term trends at monthly resolution. No strong relationships areetgearbany of
the three bias types or betweer"2fntury bias and 24century projected change. Using our
model rankings, two smaller ensembles of models with better performance over the southwestern
U.S. are selectedbut theyresult in negligible diftrencedrom the allmodel ensembl@ the
average 2% century projected temperature change and model spread. In other words, models of
varied quality (and complexity) are projecting very similar changes in temperature, implying that
the models are simulating warming for different physical reasons. Despiteshlt, we suggest
that models with smaller 80century biases have a greater likelihood of being more physically
realistic and therefore, more confidence can be placed in theteRiury projections as compared
to projections from models that hastemonstrably poor skill over the observational period. This

type of analysis is essential for responsibly informing climate resilience efforts.
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1. Introduction

Rapid environmental changes linked to hurraduced increases in atmospheric
greenhouse gas concentrations have been observed on local to global scales over recent decades.
Given the relative certainty of continuedpid change across many earth systerosall and
regional decision makers are increasingly interest@thiming for projected climate changes and
employing mitigation strategiesThese decision makers need climate model projections on
relevant time and spatial scales, as well as assessmemisdef reliability in order to make
confident planning decisions.

Preliminary resources for this type of planning in the US include national and regional
climate assessment reports such as the National Climate AssessmentMBldl4;et. al 2014
andthe Assessment of Climate Change in the Southwest United $&sden et. al 2018 Aimed
at decisionmakers, these reports use plain language to condense the ntostaip scientific
knowledge on nationalnd regionakcale climate observations and fetehange projectionfn
the context of regional climate resilience efforts, one of the main problems with reports like the
NCA is the lack of information regarding model reliabilitg@limate projections are almost
exclusively presented ugina multtmodd ensemble (MME) averagef all available models,
regardless oindividual modelperformance.This method is likely inappropriate on smaller
regional planning scales due to the large spread in model ability at theseMeaies ¢t al. 2008,
Perkins et B 2007). It stands to reason thatealistic simulation of the present climate is at least
D QHFHVVDU\ EXW OLNHO\ QRW VXIILFLHQW UHTXLUHPHQW I/

climate of the futurdor the right reasonsAs such, undstanding model performance at regional
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scales over the 20th century is cruciatli®cerning model reliability, avoiding the use of the worst
performing modelsand informing our confidenae climate projections.

Three main issues can be found from poasiregional performance assessments. First,
there is a dearth of climate model information available at local to regional planetewgnt
scales. Second, performance information for specific models is frequently neglected in favor of
the MME mean and nu®| spread. Third, the measures used to evaluate model performance are
often not comprehensive or quantitative enough to provide sufficient evidence of model reliability
for planning decisions. For example, similar to the national and regional climatsrasse
reports, some studies simply evaluate model performance based on long ternclimass
(Reichler et al. 2008, Macadam et al. 2010). Other studies focus on the simulation of trends
(Sillmann et al. 2014) or climate variability (Yao et al. 2013, Maxet al. 2008, Perkins et al.
2007). Many studies examine both mean climate aRiWLDELOLW\ EXW GRQTW
quantitative information regarding individual model performance at decision relevant scales
(Sillmann et al. 2013a, Wuebbles et al. 28dnter et al. 2009, Cheng et al. 2085n et al. 2015)
Overall, therearea lack of studieshat use all of these relevant evaluation measures (long term
means, trends, and variability) to quantify individual model performance at scales applicable to
adaptation planning.

Here, we present a planninglevant analysis of individual model simulations of monthly
average minimum and maximum surface air temperature (Tmin, Tmax). We evaluate the ability
of all available CMIP5 climate models to simulaté"2@ntury long term mean climate, trends,
and variability in order to provide a clearer picture of model capability for resilience efforts. Our

analysis was designed based on the interest of an energy utility in southern Arizona in assessing
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their heatrelatal vulnerabilities and increasing their resilience to future temperature change. The
model performance information presented here is intended for similar applibgtiesearchers

and practitioners working at the intersectiorclrhatescience andecision making

2. Model Simulations, Observations, and Methods

The source of model simulations is the CMIP5 multimodel ensemble archive

http://pcmdi.linl.goy. We use a 10§ear period (190@005) of the historidaexperiment, which

imposes changing atmospheric and land surface conditions consistent with past observations.
Details regarding CMIP5 experimental design can be found in Taylor et al (2009, 2012). One
ensemble member is chosen for each model with montilymum and maximum surface air
temperature and topography available in the archive (42 models in total). Table 1 lists the models
used and provides the modeling group, country origin, and abbreviation code we have assigned to
each model.

Observations of min and Tmax are from the Berkeley Earth 1°x1° gridded monthly land
data productRhode et al. 20)3which provides temperature over land only. Although this study
is limited to model performance at monthly time resolution, we choose the Berkeley Batttiym
observations because of the corresponding daily data product, which will provide consistency for
further model evaluation at daily resolution.

Preprocessing steps include regridding all models to a common grid, applying an elevation
based model taperature correction, creating an MMierage, and areaveraging over eight
study areas. The 1°x1° grid of the Berkeley Earth observations is used as the common grid and

model information is adjusted to this grid using bilinear spatial interpolationterhperature
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correction is applied to each model usméppse rate of 6.5 °C/km and the elevation difference
between modeled and observed topography. Since the Berkeley Earth gridded observations do not
include elevation information, we use the ASTER Gldhgital Elevation Model (DEM) dataset
(NASA JPL, 2009) scaled down to owdégree common grid by area averaging. At this point,
MME-average Tmin and Tmax are created by averaging together the regridded, elevation
corrected spatial fields of all 42 modeThen, a monthly time series is obtained for all models by
areaaveraging over eight study areas. A land mask is applied to eachsodbat only grids with
greater than 50% land area are included in eachaaeage. The seven regional study aread us

are based on the regions delineated byNR# and are shown in Figure 1 (SW=southwest,
NW=northwest, GP=great plains, MW=midwest, NE=northeast, SE=southeast, AK=Alaska). We
also include an additional continental US study area that comprises mostavehd8 states.

The areaaveraged model and observed'2@ntury time series for each region are used to
assess biases in model letegm mean state, trend, and variability. First, we examine model mean
climate using longerm annual and seasonal ayms Here, significant biases are identified at the
90% confidence level using a tvtailed ttest for difference in means and adjusting forlag
autocorrelation. Next, we look at linear trends in annual average temperature as well as in monthly
average émperature for the month with the largest difference between observed and MME
average trends for each regi@ignificant trends at the 90% confidence level are again identified
using a twetailed ttest, adjusted for lady autocorrelation. Significance é@mputed in the same
way for the trend of the time series difference between models and observations to identify
modeled and observed trends that are significantly different from each other. Finally, we use the

standard deviation of the detrended montaiyperature anomaly time series to assess variability,
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where the anomalies are computed by removing monthly climatological means. Significant
differences between model and observed variability at the 95% confidence level are identified
using a twetailed ttest, adjusted for lady autocorrelation.

Results are then used to rank model performance with respect to each type of bias. Each
type of bias ranking is divided into five categories to aid in the selection of better performing
multimodel ensembleso that the reader can quickly identify the bias magnitude for each model.
The bounds of the categories were arbitrarily chosen to separate out very good and \reogpbor
performance, and to distribuéererage performinghodels relativelyevenly over the reaining
categories. In the discussion section of this paper, we use the southwest US region to demonstrate
how the rankings can be used to select better performing multimodel ensembles and then compare

future projections from thessnsembles$o projectionausing all available models.

3. Results
a. Longterm neanstate

Starting with model mean state bias, we see a range in regional performance. Figure 2
shows the MMEaverage bias and model bias spread for the seasonal and annual mean climate
states. For bbtTmin and Tmax, seasonal mean state M&Erage bias is much smaller in some
regions (average absolute seasonal bias is’@%2d 0.80°C for GP, 0.38C and 0.76°C for SE
Tmin and Tmax, respectivglyhan in othersgverage absolute seasonal bias.49©2C and 1.35
°C for SW, 1.68°C and 2.08°C for AK Tmin and Tma¥ The same is true for the annual mean
MME-average biadlt is clear that for most regions, the majority of models are biased warm for

Tmin, although the largest model biases are cold biases that act to compensate for most of the
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overwhelming model warm biases. The same phenomenon is sSEaax)where the nmarity of
models are biased cold in most regions, but this bias is mostly compensated by a lesser number of
models witHarger warm biase Across all eight regions on average, Tmax Milerage absolute
bias is slightly larger than Tmin bias (by 0.Z3seasonally and 0.21C annually), but the model
spread in Tmax bias is smaller than the spread in Tmin bias (byQ.€€asonally and 1.56C
annually). This indicates that Tmax model biases of opposite signs are less compensating than they
are for Tmin. Ao of note is that the average model spread in annual mean bias for both Tmin and
Tmax (12.87Cand 11.3TC) is almost as large as that of seasonal mean bias (3&6® 12.53
°C), showing a large range in model ability even at tlaesaw timescale. @a seasonal and annual
basis, the MMEaverage bias is usually significant for both Tmin and Tmax across all regions. For
confident decision making in the context of climate change adaptation and resilience efforts, the
MME-average performance and spreahodelbiasesn simulating even longerm mean climate
at the regional scakre inadequate

Additionally, Figure 2 clearly shows that low annual mean bias can be mistaken for good
performance when seasonal biases are of opposite signs. For exampig, iviking beyond the
annual mean bias, there is no way to know that the annual mean Tmin bias in the NW region is the
result of compensating seasonal biases, whereas this is not the case for the low annual mean bias
in the SE region. Use of this metrioae is not comprehensive enough to accurately assess model
skill and can cause ovepnfidence in model ability.

Assessment of vulnerability to climate change and the resulting planning decisions may
focus on one particular season or even one montheofelr. Often, the MMaverage bias and

model spread increase when looking at the-tmnm mean state for a single morfflgure 3 shows
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the May time series for the SW region, where the Md#fragebias is-3.83 °C and the model
bias spread is 13.27 °C anerage, as compared to the summer and annual mean bias and model
spread in Figure 2 (summer MMiveragebias-3.14, spread 12.57; annual MMizeragebias-
2.40, spread 12.87).

All models are ranked on the basis of Tmin and Tmax seasonal bias in thdiggpable
Al). For most regions, the majority of models are bias8fQ. There are two instances where
the MME-average outperforms all individual models (in G and USegions for Tmin), and
this is caused by compensating model biabesegionswherebias is stronger in one direction,
many models outperform the MM&verage. For example, in the SW regwimere most models
show Tmin cold biase$7% of individual models have a smaller average seasonal bias than the
MME-averageSimilarly, in the NE egion where most models are biased warm in Tmin and cold

in Tmax, 19% of individual models outperform the MMEeragdor Tmin and 26% for Tmax.

b. Trends

Next, we look at model ability to simulate@entury trends. Figure 4 shows the trends in
annual average temperature as well as in monthly average temperature for the month with the
largest difference between observed and MMrage trends (herein referred to as mexth)
for each region. For thennual average trends shown in Figure 4a, there is a significant difference
between the MMEaverage and observed Tmin values for half of the regions and regardless of
significance, the MMEaverage value is always an underestimation (by O@4entury on
averagg In the case of Tmax, there is no significant difference between the-8MiiEage and

observed values for any region, although the MdAferage value is almost always a slight
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overestimationlfy 0.14 °Ccenturyon average The magnitude of thenodé spreadin annual

mean trend is similar between Tmin and Tmax for each region (average difference in model spread
is 0.27°C/century), but while most models agree on the sign of the Tmin {rérelsnodels are

more often split on the sign of Tmax trendsso, the AK model spread for both Tmin and Tmax

is much larger than any other regspmdicating the difficultly that models have in simulating
realistic 2" century climate in this region.

Keeping in mind that only the month with the largest Mishierag trend bias is shown in
Figure 4b, most MMEaverage trends in maxonth temperature are significantly different from
observations. For each region, the greatest MME trend bias is found almost exclusively in fall or
winter. The model spread in maxonth tends 4.39 °C/century for Tmin, 3.82 °C/century for
Tmax on averagels much larger than for annual average trends (2.06 °C/century Tmin, 2.21
°Cl/century for Tmax on averagand there is no model consensus on the sign ofmaath trends.

It is also inteesting that when the observed mrarnth trend in Tmax is significant (shown with
large filled circles in Fig 4b, e.g. for the GP, MW, NE, and US regions), the ldiéEage trend
is always an underestimation. This is also true for Tmin-marth and annualarage trends.

All MME -average trends in annual and rmagnth temperature are significant (filled large
squaresn Figure 4a,b), whereas there is one region for Tmin and four regions for Tmax where the
observed maxnonth temperature trend is nagrsficant (open circles in Figure 4bA.time series
example of this is shown iRigure 5 which compares the observed, MMdverage, and single
model maxmonth (October) trends in Tmax for the AK region. The observed trend (Figure 5a) is
-0.75°Cl/centuryand is not significant (p=0.31), whereas the Mis\eerage trend (Figure 5b) is

significant and of the opposite sign (+1.9@/century p<0.01). Many models, such as MRIC3
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(Figure 5c), reproduce small insignificant trendx g0 °C/century p=0.41), but thenodels that
produce larger significant trends, such as CESMF (Figure 5d; +Z7&entury p<0.0J)
overwhelm the MMEaverage toward significant bias.

All models are ranked on the basis of Tmin and Tmax annual andnoiath trend bias in
the appendix. Fommual average trend bias (Table A2), the Mislierage usually falls within the
0.2-0.5 °C/century category for Tmin and within te0.2 °C/century category for Tmax. Most
models have biases of less thatCIcentury and depending on the regid®45% ofindividual
models have smaller trend biases than the MiM&rage. For mamonth trend bias (Table A3)
the MME-average usually falls withithe 12 °C/century category for both Tmin and Tmax. Most
models have biases greater th&C€kcenturyand 4652% ofindividual models have smaller biases

than the MMEaverage.

c. Variability

Last, we examine 2Dcentury variability. Figure 6a shows the standard deviation of the
modeled and observed detrended monthly temperature anomaly time series. Here, the MME
averge is computed as the average of individual model standard deviation values, as opposed to
computing variability from the average MME temperature field because averaging model fields
together smooths out most variability. Without visualization of indi@iduodel results, it may
appear that many models have much greater than observed variability in Tmin and Tmax for most
regions, but the large model spread is usually caused by only a few models. This is reflected in the
fact that, with the exception of t&K region, the MMEaverage variability is very close to that

of observations. The MMHaverage variability bias for the AK region is 02for Tmin and 0.48
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°C for Tmax, whereas across all other regions on average (excluding AK), it ’0f@BTmin
and 0.08°C for Tmax. The magnitude of the model spread varies across the regions, ranging from
0.43°C (US Tmax) to 2.46C (NW Tmin), and the spread is often smaller for Tmax than Tmin
(0.53°C smaller on average).

An illustration of model ability to simate temperature variability is showmFigure 6b
where we zoom in tthe modeled and observed Tmax anomaly time series for the AK region
during therandomly chosen decade of the 1 {6ther decades examined appeared simildmg
trend and climatologal monthly mean of each series has been removed. The model spread in gray
shading shows the tendency to overestimate variability in the region. The models with the smallest
(ACC13 0.04 °g and largestGMCCE, 1.17 °C)stardard deviation bias (for the ém 1900
2005 study period) are shown as an example of individual model performance. While the model
with small bias (blue) performs well, the model with the largest bias (green) clearly shows more
extreme warm and cold temperatures as compared to olisesyagspecially during winter
months. Future change in climate variability, including extremes (which are not assessed here), is
a very important consideration in assessing vulnerability to climate change, as changes in
variability can affect the frequenof heat waves, freezing temperatures, flooding and drought
events, etc. For this reason, determining the models that simulate realistic variability and using
that information to constrain vulnerability assessment is essential.

All models are ranked orh¢ basis of Tmin and Tmax standard deviation bias in the
appendix (Table A4). Most models have biases of less tha&tCddr Tmin and Tmax, except in
the AK region, where most models are biased greater thafiQd.For any given resilience

application, dimate model variability performance information at monthly time resolution may
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not be sufficient for decision making. We suggest using the results presented here in combination

with a decisiorrelevant variability assessment of daily resolution model médion.

4. Discussion
a. Correlationbetweerhistorical biases

To understand how the historical model biases relate to each other, we perform a linear
regression analysis between each type of bias (seasonal mean, annual trendnthaxend, and
variability) for each region. For each regression, the linear cooelatiefficient (r) is computed
and tested for significance at the 95% level using ataNd-test.Substantiabverlapis known to
exist between models due to the sharing of training data, human expertise, and modaéiicbhde
results in an effective maber of climate models that is much smaller than the (Btainell et al.
2011, Knutti 2010) While the effective number of models varies widely for individual model
fields, Pennell et al. (2011) estimdtiat on average, the effective number of CMIP3lats for
the northern hemisphere extratropics is between 7.5 and 9 from a totalof&ztount for model
overlap, weroughlyestimate the effective number of independent models as one third of the total
(14 effective models from 42 totaljhe effectivenumber of models is used to compute the degrees
of freedom for significance testing. To ensure robust tests of significance, we also compute the
linear correlation coefficient a second time excluding the 10% of models (4) with the largest
magnitude varidke bias.

No strongly significant relationships are foundlthough mnificance (using both
measureshetween the annual trend bias and meonth trend bias is seen in four regidBsV,

NW, GP, US)for Tmin andthree regions (SW, GP, US) for max Figure 7a showsthis
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relationship for GP Tmirnwhere the correlation valuesre 0.66 and 0.63The only other
relationship that is significant using both measures is betweenmmuath trend bias and
variability bias for the US region, but the correlation is notipalarly strongas shown in Figure
7b, and the same relationship is not significant in any of the smaller regidlhother linear
correlationsbetween regression variables arther insignificant by both measuressignificant

only if computed usig all 42 modelssuch as the relationship shown in Figure 7c.

b. Correlationbetweerhistorical bias andprojectedchange in thesouthwest

A total of 33 models (marked with asterisks in Table 1), have output available for the
historical, RCP 4.5, anRCP 8.5 experiments. For the discussion of future projections over the
southwest US we adjust our metrics slightly, according to the interest expressed by an electric
company in southern Arizona in spring time temperature changes. We compar tea®g
(1900-2005) bias to the 24century (20062099) projected change of five metrics: annual mean,
spring mean (March, April, May average), annual trend, May trend, and monthly time series
standard deviation for Tmin and Tmax. Linear correlations andststati significance are
computed using the same methods as in sedda@and model overlap is again accounted for by
estimating the effective number of independent models as one third of the total (11 effective
models from 33 total). Three statisticallgsificant correlations between 2@entury bias and
215 century projected change are found, but they all prove fairly weak visually.

Figure 8 shows these significant correlations, which include Tmax mean bias to RCP 8.5
projected variability change (Rige 8a), Tmax spring mean bias to RCP 8.5 projected variability

change (Figure 8b), and Tmax annual trend bias to RCP 4.5 projected annual trend change (Figure
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8f). None of these significant relationships hold true for both RCPs (Figure 8dJegcieason

that the significant and insignificant correlations shown in Figure 8 are all negative is unclear,
while the many other insignificant correlations (not shown) are a mixture of positive and negative
relationships.No other significant correlations were fali between any of the biases and

projections for Tmin or Tmax.

c. Choosingpetter performingmultimodelensembles for theouthwest

Regardless of the lack of significant relationship betweéhc2dtury biases or between
20" century bias and 24centuy projections, it is still worthwhile to at least eliminate
demonstrably poor performing models from the MME when the intended use of the MME is to
inform climate resilience efforts. Using the regional mean, trend, and variability bias rankings in
the Appendix, we choose two better performing MMEs to examine southwest temperature
projections. Many methods exist to accomplish this task, but the process of choosing models
should be relevant to the intended use of projection information. We are not usimgpheonth
trend bias rankings (Table A3) in the model selection process because it is not as relevant as the
annual trend bias to our intended use of the projections.

We develop a simple poHitased method using the bias categories in Tables Al, A2, and
A4, which were chosen fairly arbitrarily in order to separate excellent and poor performance, while
distributing average performingnodels across the remaining categories relatively evenly. For
Tmin and Tmax separately, each model is given points basdtednas category it falls in for
each of the three bias types. Zero points are given for the smallest bias category, one point for the

second smallest bias category, and so on, up to four points for the largest bias category. Summed
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across the three biages, the total points possible for each model ranges between zero and twelve,
with fewer points indicating better performance. This process is completed twice, once for Tmin
bias andagainfor Tmax bias.

A fairly straight forward way of choosing a betgarforming MME is to eliminate models
that clearly do not simulate realistic®2FHQW XU\ FOLPDWH :H FDOO WKLV SU
select MMEs for Tmin and Tmax separately. All models that falliwithe largest and second to
largest bias categories fany bias type (i.e. 3 or 4 points for any bias) are eliminated first. Any
remaining models with total points of 5 or higher are eliminated second. The RMBAD selection
process results in an MME of 24 models for Tmin and 19 models for Tmax (Table 2) fotah a t
of 33 available models. In a planning context, we suggest using this type of MME for probabilistic
studies and for generation of future potential climate scenarios.

Another way of choosing a better performing MME is to select a number of the best
performing models. Knutti et al. (2010) show that for mean seasonal surface air temperature,
selection of a few good models for averaging substantially desr@asan climatebias as
compared to an athodel MME averageand the greatest bias reduction is seen when about five
good models are chosen. Based on these results, we use our points system to choose five models
with good 26' FHQW XU\ SHUIRUPDQFH P® D BUWR/PAWH VIHZGHFDLGGI G7TWR
importance of annual trend bias (as compared to mean and variability bias) based on the theoretical
ability of models to capture small 2@entury observed linear trends. The observétic@btury
annual trend is less tharfC/centuryfor Tmin and Tmax over the southwest US. If modeled and
observed natural variability near the beginning and end of the century is not similar, then for small

observed trends, it is possible that the modeleddt will be significantly different, therefore
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imposing equal weight on trend bias during the model selection process may be unreasonably
restrictive. Second, while it is clear tlwmnsiderable bias commonality exists beyond just models
developed at theame center (Pennell et al. 201dgmmonalities between models from different
modeling centers are not transparent and specific model overlap information is not readily
available. In an attempt to account for at least a portion of model overlap, wee rdgumodels
chosen using the TOP5 process to be from separate modeling centeredeie resulting from

the TOP5S process for Tmin and Tmax are listed in Table 3. Because this type of MME is so
restricted in number of models, we suggest using this mdtiochultimodel averaging and

planning purposes where average projections may be sufficient.

d. 20" century performance and Zicentury pojections over thesouthwest US usindiee
differentmultimodelensembles

Figure 9 compares the performance oktiRMBAD, TOPS5, and alnodel MMEs in
simulating 28' century climate characteristics. For the mean and variability metrics, the RMBAD
and TOP5average biases are an improvement over theadlel average bias. For example, the
RMBAD-average and TOP&velage reduce the magnitude of therathdelaverage spring time
bias in Tmin 0f-3.23 °C by 37% (1.19°C) and 57% (1.83C), respectively. Similarly, the
RMBAD-average and TOP&verage reduce the allodelaverage variability bias in Tmax of
0.112°C by 27%(0.030°C) and 94% (0.105C). As intended, the RMBAD and TOP5 MME
selection processes greatly reduce model spread for the mean and variability bias metrics. These

result are not seen for the trend metrics due to the -gosighting of trend performance the
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TOPS5 selection process and because for the SW region, relatively few models fall in the worst
trend bias categories chosen for Table A2.

Figure D shows the Zlcentury projected temperature changes for the SW region for all
three MMEs. The TORSRMBAD -, and allmodel average projected changes in Tmin and Tmax
are nearly identical for all five metrics. There is very small or no reduction in projection uncertainty
(model spread) between the-albdel MME and the RMBAD MME, and the small model spread
of the TOP5 MME is more than likely caused by the reduction in number of models rather than by

any real reduction of uncertainty. Results for RCP 4.5 (not shown) are very similar.

5. Conclusions

We have examined the capacity of all available CMIP5 ¢lolmate models to simulate
20" century long term mean climate, trends, and variability in monthly average minimum and
maximum surface air temperature on planmieigvantspatial scales in the US. Transparent
information regarding individual model performance over the continental US and seven smaller
US regions (based on the National Climate Assessment) is provided in the form of bias rankings
in order to create a clearer pictufenmodel ability for resilience efforts.

At regional scales ithe US, the model spread in annual mean bias is between 11 and 14
°C, revealing a large range in model abibtyen at carse timescales. Although for most regions,
the majority of models havemnean seasonal and annual biases of less tif&hii3 magnitude.
Annual trend bias is generally less thatCIcentury and maxnonth trend bias is-3 °C/century
for most regions. While MMEverage annual trends may be faolgseto observations, many

individual models have annual trend biases nearly as large, or larger than, the trend itself. For the
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monthly trends examined, the MMiverage underestimates observed significant tremisiany
models do not agree on the sign of regional trends at monthéy reéesolution. Models tend to
overestimate variability, especially during winter months, although most models have variability
bias of less than 0.3 for most regions. Modelgerform worsbverthe AK region for every bias
metric.

No strong correlatiom exist between any of the'20entury biases for any region, nor do
the 2" century biases correlate strongly with®2%entury projected mean, trend or variability
change. Using the bias rankings to select two better performing MMEs, we exaficent2ity
temperature projections for the southwest US as compared to usingnasdall MME.We find
thatconstraining temperature projections WMIMESs that have small 20th century biases results
in negligible differences in thBIME-average 21stentury progcted climatechange and model
spread. In other words, models of varied quality (and complexity) are projecting very similar
changes in temperature, implying that modaie simulating warming for different physical
reasonsMore research is required taieldate the physical reasons why CMIP5 model projections
of regionalwarming are so similar, despite the large range in simulation capability.

Further stug is alsoneeded to assessaftir findings remaintrue in other regionsf the
world or for other vaiablessuch agrecipitation.It is important to note that the models shown
here to perform well for temperature may not perform well for other variagbbesexample, in
Gell et al. (2013) we show that for a region in northwest Mexico located a fewedesgath of
the southwest region in the present stut, of the worst represeni@as of seasonal precipitation
is seen in theMIRCE model, which is a TOP5 Tmax model in the present study. Similarly, our

previous work shows the three models from the UK Met Office have by far the best representations
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of seasonal precipitation in northwest Mexico, whereas we show here that thegt &op
performers for temperatune the southwest

Regardless of the current disconnect betweéh@mtury model performance ands21
century projected change, relying on information from ammallel MME where each model is
given equal values often considered to be a naive approach to understanding model performance
and projected climate changes (Jun et al 2008, Maxino et al 2888).it is unknown if the
relationships between 20th century bias and projected change will remain static ds mode
development continue®Ve suggest that adels withsmaller 20th century biases have a greater
likelihood of beingmore physically realistiovith respect to both historical and future climate
simulations,and therefore, more confidence can be plaoetheir 21st century projections as
compared to projectiafrom models that have demonstrably poor skill over the observational
period. This type of analysis is essentiatlarifying our confidence in climate change projections
and responsibly informing chate resilience efforts.

Lastly, this study is based solely on monthly resolution model information. It is unknown
if the nonrelationship between 30century bias and projected change remains when examining
higher time resolution model information, forstance, whether an assessment of bias in the
frequency, intensity, and duration of heat waves affects the projected change in heat wave
characteristics. For resilience efforts that are based on model projections, we stress the importance
of carrying thiswork one step further, through assessment of daily resolution model information
using specific metrics relevant to the decisions at hand, and constraining vulnerability assessment

to those models showing reasonabl® géntury performance.
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Appendix: Model Bias Rankings
Thefollowing tables provide model bias rankings for each of the eight US regions. For all appendix

tables, categories are inclusive on the lower bound and exclustiae apper bound, and the-42
model MME is shown in bold.
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TABLE Al. Model ranking by the average of the absolute value of seasonal mean bias for the
period JAN 1900+DEC 2005.

* Models for which RCP 4.5 and/or RCP8.5 simulations are not available.
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TABLE A2. Model ranking by absolute value of the JAN 196DEC 2005 trend bias. Models
with biases significantly different from observations at the 90% confidence level are colored
brown.

* Models for which RCP 4.5 and/or RCP8.5 simulations are not alailab
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TABLE A 3. Model ranking by absolute value of the 1969005 maxmonth trend bias. Models
with biases significantly different from observations at the 90% confidence level are colored
brown.

* Models for which RCP 4.5 and/or RCP8.5 simulations atenailable.

99



TABLE A 4. Model ranking by absolute value of the JAN 196DEC 2005 monthly time series
standard deviation bias. Here, the MME is the mean of individual model standard deviation values.
Models with biases significantly different from observas at the 95% confidence level are
colored brown.

* Models for which RCP 4.5 and/or RCP8.5 simulations are not available.
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Tables and Figures

Table L CMIP5 models used for this study.

Model Code Modeling Center Country
ACCESS10 ACC10* | commonwealth Scientific and Industrial Research Australia
ACCESS13 ACC13* | Organization (CSIRO) and Bureau of Meteorology (BOM)
BCC-CSM1.1 BCCC1* ] ) ) o . .
Beijing Climate Center, China Meteorological Administratiol China
BCC-CSM1.1m BCCCM*
BNU-ESM BNUEM* | Beijing Normal University China
CanESM2 CANE2* | Canadian Centre for Climate Modelling and Analysis Canada
CCSM4 CCSM4*
CESM1BGC CESMB*
- *
gggmcm\ﬂs CESMC NationalScience Foundation, US Department of Energy, arn USA
FASTCHEM CESMF | National Center for Atmospheric Research
CESM1IWACCM CESMW
CMCC-CESM CMCCE
CMCC-CM CMCCC* | Centro EureMediterraneo sui Cambiamenti Climatici Italy
CMCC-CMS CMCCs*
CNRM-CM5 CNRMcC* | Centre National de Recherches Meteorologiques/Centre
Europeen de Recherche et Formation Avancees en Calcul| France
CNRM-CM5-2 CNRM2 Scientifique
Commonwealth Scientific anddustrial Research
CSIROMK3.6.0 CSI36* | Organization, Queensland Climate Change Centre of Australia
Excellence
CSIROMK3L-1-2 CSI3L University of New South Wales Australia
LASG, Institute of Atmospheric Physics, Chinese Academy .
FGOALS @2 FGOG2 Sciences and CESS, TsingHuaiversity China
GFDL-CM3 GFDC3*
GFDL-ESM2G GFDEG* | NOAA Geophysical Fluid Dynamics Laboratory USA
GFDL-ESM2M GFDEM*
GISSE2-H GIE2H*
GISSE2-H-CC GIEHC* . .
GISSE2R GIE2R* NASA Goddard Institute for Space Studies USA
GISSE2-R-CC GIERC*
HadCM3 HADC3
HadGEM2CC HADEC* | Met Office Hadley Centre UK
HadGEM2ES HADEE*
INM-CM4 INMC4* | Institute for Numerical Mathematics Russia
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IPSL-CM5A-LR IPCAL*
IPSL-CM5A-MR IPCAM* | Institut PierreSimon Laplace France
IPSL-CM5B-LR IPCBL*
MIROC5 MIRC5*
MIROC-ESM MIRCE* | Japan Agency for MarinEarth Science and Technology,

Atmosphere and Ocean Research Institute (The University|  Japan
?ZAII—|RI’E?/IC-ESM- MIRCC* | Tokyo), and National Institute for Environmental Studies
MPI-ESM-LR MPIEL*
MPI-ESM-MR MPIEM* | Max Planck Institute for Meteorology Germany
MPI-ESM-P MPIEP
MRI-CGCM3 MRIC3* _ )

Meteorological Research Institute Japan
MRI-ESM1 MRIE1
NorESMIM NOR1M* | Norwegian Climate Centre Norway

* Models with output available for the historical experiment from 12006, and for the RCP 4.5 and RCP
8.5 experiments from 20a5100.
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Table 2 Tmin and Tmax RMBAD MME models and total points for each model.

TMIN  POINTS TMAX POINTS

ACC10 2 ACC10 3
ACC13 3 ACC13 3
BCCC1 4 BCCCM 3
BCCCM 3 CCSM4 4
CCSM4 3 CESMB 3
CESMB 2 CESMC 1
CESMC 1 CMCCC 4
CMCCC 3 CMCCS 1
CMCCS 3 CNRMC 3
CSI36 4 INMC4 4
GFDC3 4 IPCAL 3
GFDEG 2 IPCAM 4
GFDEM 3 IPCBL 1
GIE2H 3 MIRC5 3
GIEHC 2 MIRCC 2
GIE2R 4 MIRCE 1
HADEE 2 MPIEL 3
MIRC5 2 MPIEM 3
MIRCC 2 NORIM 2
MIRCE 3
MPIEL 3
MPIEM 3
MRIC3 2
NORIM 3

Table 3. Tmin and Tmax TOP5 MME models and total points for each model.

TMIN POINTS TMAX POINTS

ACC10 2 CESMC 1
CESCN 1 CMCCS 1
GIEHC 2 IPCBL 1
MIRC5 2 MIRCE 1
MPIEL 3 MPIEL 3
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Figure 1. The eight study areas shown over ASTER global DEM topography on our 1°x1°
common grid. AK=Alaska, NW=northwest, SW=southwest, GP=great plains, MW=midwest,

SE=southeast, NE=northeast, and US=United States.
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Figure 2. Bias in seasonal and annual mean Tmin and Tmax for the perioe2096Qwhere W,
S, S, FandA on the xaxis stand for winter, spring, summer, falhdannua) respectively. The
MME-averagdas shown with a square marker aindividual models are shawwith dots along
grey vertical model spread ba@oloredmarkers indicateiassignificance at the 90% confidence

level after adjusting foseriallag-1 autocorrelation
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Figure 3. May time series of Tmin for the southwest region, where the solid line shows the
observations, theluedash shows the MMaverageand the gray shade shows the model spread.

Thegreendash shows aexample of one individual model
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Figure 4. Annual average (a) and monthly average trends (b) in Tmin and Tmax. Only the month with the
greatest MMEaveragetrend bias is shown for each region in (barge @cles are observationdarge
squares are the MM#veragevalues, andndividual modelsare shown with dotsalong greyvertical

model spreadars Filledlargemarkers indicatdViIME-averageand observedrends that aresignifican at

the 90% confidnce levelafter adjusting for serial laty autocorrelationColor indicates that thenodeled

and observed trends are significantly differdrdm each otheiat the 90% confidence leyelfter adjusting

for serial lagl autocorrelation
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Figure 5Alaskamaxmonth (October) trend in Tmax for (a) observations, (b) thentiziel MMEaverage,

(c) the nodel with the smallest trend bias (MRIC3), and (d) the model with the largest trend bias (CESMF).
Filledmarkers indicate that the trend is significant at the 90% confidence level, after adjusting for serial
lag-1l autocorrelation(p<0.1), while open markerare used for insignificant trends (p>=0Te Pearson

linear correlation coefficient (r) of each trend is shown for reference.
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Figure 6 The time series standard deviation (a) where circles are the observadiotssalong greyertical
model spread bars are individual models, and squares represent the average of all individual Gobaolels.
indicates models with variability that is significantly different than observations at B& €nfidence
level adjusted forseriallag-1 autocorrelation.(b) The detrendedmaxAKtime series with mean removed
(}E& sz jwher¢the black line is the observed time series, the blue dashed line is the model with the
smallest variability biaACC23) for the 106 year study period, and theegn dashed line is the model

with the largestvariability bias (CMCEE¥ay shadhg showsthe model spread
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Fgure 7.Linear regressiobetween 20" century biasesfor 42
models (a) Regression between annual trend bias and-max
month trend bias for he GP region(b) Regression between
maxmonth trend bias and variability bias for the US regioh. (c
Regression between seasonal average mean bias and variability
biasfor the SW region. The regression line is shown in solid
black with the correspondingoerelation coefficientr, located

at the top center of eactplot. A second regression that
excludesthe 10% of models (4) with the largasiagnitudex-
axis variable biass shown with a dashed line and the
corresponding r value is in parentheses at the top right of each
plot. Colored r values represent significance at the 95%

confidence level, adjusted for reduced model independence.
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Figure 8 Linear regression of 2@&entury bias to 2% century RCP 8.5 (a,b,c) and RCP 4.5 (d,e,f) projected
change for the southwestern US using 33 models. Regression bi@arersuyariability change (a,d),
spring mean bias versus variability change (b,e), and annual trend bias \& &rend change (c,f)lhe
regression line is shown in solid black with the corresponding correlation coefficient, r, located at the top
center of each plot. A second regression that exclutlesl0% of model§3) with the largestmagnitude

x-axis variabldiasis shown with a dashed line and the corresponding r value is in parentheses at the top
right of each plot. Colored r values represent significance at the 95% confidence level, adjusted for

reduced model independence.
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Figure 9 Comparison of histaral biases between the TOP5, RMBAD andwddel MMEs, for Tmin
(top) and Tmax (bottom) using annual mean, Makgri-May seasonal mean, annual trend, May trend,
and standard deviation bias metridgrge markers indicate the MM&verage and individual naels are

shown with dots along grey model spread bars.
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