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1. Introduction

Globd-scale climate variationssuch as thos associated with El Nino/Southern Oscillation
(ENSO) are ultimately manifest in phenomenaand processes tha control regiond-scale climates.
For example, shiftsin the wintertime planetary scale waves forced by tropical sea surface
temperature (SST) anonalies can result in changes in thenomal tracks and frequendes of storm
systems (e.g. Nod and Changnon199®8) which can result in dramatic changesin regiond
climates of North America. Any patential changes in extreme weather events are of particular
concern since these tend to have the greatest econorric and soda consequences. It istherefore
of interest to determinewhether the characteristics of extreme events are influenced by short-
term climate variability such as that assodated with ENSO. For example, Gershunovand
Barnet (1998)and Gershunov(1998 showthat the frequency of heavy rainfal isimpacted by
ENSO in a number of regionsof the United States induding the Great Plains the Southeast, and
the Gulf States. Cayan et a. (1999)show tha ENSO impacts the occurrence of extreme (heavy)
daly precipitation and stream flow throughoutthe western United States.

Onelimitation of many recent studies of weather extremes is tha the andysis of the extreme
eventsis carried outlocal in space, with little information provided aboutthe undelying
phenomenology and mechanisms assodated with the extremes. In the case of precipitation, Web
and Betancourt (1992 emphasize tha undestanding the hydrodimatic controls onflood
frequency requires undestanding the modulation of theflood generating mechanisms: for
example, frontal systems, monsoond flows and tropical storms. In tha sense, identifyingthe
impact on weather is an important step in determining the physcal mechanisms by which short

term climate variationsimpact extremes.

In this study, we examinetheimpact of ENSO on extreme precipitation events assodated with
winter storms over the continental United States. Theresults are based on observations(Higgins
et a 1996) and an ensemble of nine atmogpheic generd circulation modd (AGCM) simulations
forced with observed SST for the 50-year paiod 1949-98. The AGCM isthe NASA Seasond to
Interannud Prediction Project (NSIPP-1) modd described in Bacmeister et al. (2000)and run



here at aresolution of 2 latitudeby 2.5; longitude Theninerunsdiffer only in ther initial

atmopheic conditions these were choen arbitrarily from previoudy completed smulations

An empirical orthogoné fundion (EOF) andysis of daly precipitation daais carried out
separately for the observationsand simulationsto isolate the leading modes of precipitation
variability. For both the observationsand simulations thefirst six rotated EOFs congst of
localized precipitation anomalies tha emphasize variability alongthewest coast, and the
southern and southeast United States, and accountfor more than 50% of the variance over much
of these regions Variouscomposte fields(e.g., 500mb heghts) based onthetime series of the
corresponding prindpd components (PCs) show tha the leading EOFs correspondto well-
known storm systems. Wefocushere onthose storms tha contribute to extreme precipitation
events aongthe gulf coast (the GC EOF) and the east coast (the EC EOF). These storms are
well simulated, and the ensemble of runsprovides a large sample of extreme events for statistical
andysis. Intheobsrvations the GC and EC storms show up as EOFs 3 and 4, respectively. In
the EOF andysis of themodd smulations the GC and EC storms show up as EOFs 6 and 4,
respectively. Themodd EOFs do have subgantialy less variance compared with the observed
(theratio of ssimulated to observed variance is 0.34 for the GC EOF and 0.45 for the EC EOF).

Thisislikely aresult of therelatively coarse resolution of the modd.

2. Theimpad of ENSO

In this section we examinetheimpact of ENSO on the extreme values of the PCs assodated with
the GC and EC EOFs. We bggin by ordeing theyears according to the overall level of activity
of thestorms during each winter (measured by thevariance of thePCsBsee Table 1). Both the
observationsand simulationsshow a predilection for enhanced activity in the GC and EC storms
during El Ninowinters, while suppressed activity in the GC storm tendsto occur during La Nina
years. Thesimulated EC storms also tend to be suppressed during La Ninayears, whilethat is

less truefor theobservations



Table 1: List of thewinters (DJF) ordered by inareasing variance for the GC and EC PCs from
the observationsand modd simulations Blueindicates LaNinayears, and red indicates El Nino
years. Bold indicates major events. Italics indicate weak events. Theclassification of theyears
into warm and cold eventsisthat of the Climate Prediction Center (the classification schemeis
subjective and is based on SST andyses; http://www.nnic.noza.gov)

GC(obs) GC(sim) EC (obs) EC(sim)

88-89 88-89 88-89 49-50
70-71 75-76 49-50 59-60
93-94 70-71 79-80 50-51
74-75 73-74 85-86 88-89
75-76 49-50 87-88 75-76
59-60 59-60 50-51 95-96
61-62 53-54 56-57 73-74
50-51 60-61 55-56 60-61
49-50 50-51 68-69 52-53
67-68 96-97 80-81 70-71
62-63 84-85 51-52 55-56
56-57 64-65 64-65 80-81
85-86 74-75 95-96 85-86
73-74 95-96 61-62 71-72
84-85 55-56 70-71 89-90
94-95 78-79 75-76 64-65
69-70 80-81 52-53 51-52
68-69 79-80 62-63 61-62
55-56 56-57 76-77 78-79
83-84 71-72 96-97 84-85
52-53 66-67 53-54 79-80
89-90 62-63 93-94 74-75
95-96 83-84 60-61 81-82
60-61 67-68 67-68 90-91
96-97 63-64 71-72 53-54
66-67 85-86 69-70 96-97
79-80 54-55 84-85 62-63
72-73 89-90 74-75 56-57
71-72 81-82 91-92 66-67
80-81 57-58 58-59 63-64
51-52 51-52 54-55 83-84
57-58 68-69 83-84 68-69
81-82 69-70 89-90 92-93
63-64 87-88 72-73 54-55
87-88 52-53 77-78 67-68
53-54 90-91 90-91 65-66
64-65 65-66 66-67 77-78
58-59 77-78 73-74 69-70
76-77 61-62 57-58 58-59
92-93 58-59 65-66 57-58
86-87 76-77 81-82 87-88
54-55 93-94 94-95 76-77
65-66 91-92 92-93 91-92
77-78 97-98 63-64 94-95
78-79 92-93 86-87 72-73
91-92 72-73 59-60 86-87
90-91 94-95 78-79 93-94
82-83 86-87 82-83 97-98
97-98 82-83 97-98 82-83




We next examine how ENSO impacts thewinter maxima by fitting thedaly maximato aclass
of extreme valuedigtributions. In paticular, we fit the maximumvalues {x} to the Generalized
Extreme Vaue (GEV) cumulative distribution function (Coles 2001)

G(x) = exré" jr1+ #O/Lm*(fb J/#g
3, &% ) 3
with location parameter (L), scale parameter (! ), and shape parameter ". Here
{x:1+"(x#u)/$ >0}, #%<p" <%and! >0. TheGumbd distribution (" =0) isoneof
three submodds of the GEV, the other two beingtheFrechet (” >0) and reverse Weibull
(" <0). TheN-year return valuefor the GEV distribution (thevaluetha is on average exceeded

oncein N-years) is,
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We foundtha, for theobservations the Gumbd distribution provides areasonable
representation of thedistribution of the maximumvalues of the PCs. On the other hand, we
foundtha thereverse Weibull distribution provided the best fit to theleading simulated PCs. It
is not clear whether this represents areal difference between the modd and observationsor
whether thelimited sample size (49 winters) of theobservationsis smply insufficient to produe

adatistically significant estimate of the shgpe paameter.

In order to examinetheimpact of ENSO, we carry out the extreme value andysis separately for
theLaNina neutral and El Ninoyears. Theimpact of ENSO is quantified by computing an
effective return period N* (Katz et al. 2002) defined for the GEV distribution as
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wherethestar (*) indcates conditiond parameter values, and Xy istheunanditiond N-year
return value For example, onemight compute Xy fromafull record, and then recalculate the
parameters only for EI Ninoyears. Intha way one can more readily quantify theimpact of El

Nino in terms of the changein thereturn period.



Theresults for the GC and EC princpd components are shown in Table 2. For the
observations only thelocation parameter, |, isimpacted by ENSO bthere are no significant
impacts from ENSO onthescale parameter ! . In fact, we take advantage of thisresult by fixing
the scale parameter to betha estimated fromthefull (unconditiond) record, thereby redudng
thenumber of free parametersin thefind fit. Both the GC and EC storms have significantly
different location parameters during cold and warm years. Theimpact is quantified in thelast
columnin Table 3 interms of theimpact onthereturn values. Theresults are such that
observed extreme GC and EC storms that occur on average only onae every 20 years (20-year
storms) would occur on averagein hdf tha time unde El Nino conditions In contrast, unde La
Ninaconditions 20-year GC and EC storms would occur on average aboutonce in 30 years.
Theresults are quite similar for the smulated GC sorms in tha the 20-year return values would
occur on averagein hdf tha time duringwarm years, and twice tha time during cold years. For
the EC storms the 20-year return valuewould also occur in hdf tha time unde warm conditions

and in abouttwice tha time unde cold conditions

Figure 1 shows theresults of fitting Gumbd distributionsto the observationsand each of the9
enseemble membes. We choos hereto fit thesimpler Gumbd distribution to the modd results
since, by doing thefitsto theindividud ensemble members, we are limiting the sample size to
tha of theobervations The scatter amongthe ensemble members gives an indication of the
sampling errors.  Thefact that thefit to the observationsfalls within the scatter suggests tha the
modd results are quitereaistic. Theresults also show tha theimpact from ENSO clearly
separates the warm and cold years (despite the sampling errors), with La Ninayears tending to

produe consderably less intense extremes than the El Ninoyears.

Fig. 2isthesame as Fig. 1, except for the EC storms. Here again we see tha thefitsto the
observed values fall within the scatter of thefitsto theindividud ensemble members. Thecold
and warm years are also clearly separated, thoughin this case there is condderably more scatter
in theresults for thewarm years, with some ensemble members showing a quite broad

distribution, while others are more narrow and peaked.



Table 2: Theparameter estimates of the GEV distribution for the EC and GC PCs fromthe
observationsand modd smulations Values are based on the maximum daly values during DJF
based on either the 50 (1949 98) observed winters or the 450 ssimulated winters comprised of
nine ensemble members times fifty (194998) years. Sepaate fits are donefor La Nina, neutral
and El Ninowinters. For theobservations thevaluesin parentheses are the 90% confidence
intervals based on 2000Monte Carlo simulations For the smulations thevalues in parentheses
arethestandad errors. Parameter values (U4, ! ) are nommalized by the standad deviation of the
PCs. Thelast column shows the effective return period (in years) that the X,, valuewould have
unde warm, cold, or neutral ENSO conditions The results were computed usng either the
XTREMES software package (Reiss and Thomas 1997), or the extRemes software described at
http://www.assessment.ucar.edutoolkit/index.html.

PC ENSO M#location | #scale " #shape N*
cold 3.71(3.1, 4.6) | 159 300
GC(obg | neutra | 4.30(3.8,4.9) 159 209
warm 5.26(4.7,6.1) 159 116
cold 3.37(0.16) 1.57(0.12) -0.04(0.08) 33
GC(sm) neutral | 4.29(0.14) 1.76 (0.10) -0.16(0.05) 28
warm | 5.18(0.18) 1.88(0.12) -0.15(0.06) 10
cold 349(3.0,4.2 1.25 297
EC(obg neutral | 4.09(3.7,4.6) 1.25 187
warm | 4.77(4.3,5.3) 1.25 110
cold 3.81(0.13 1.34.(0.09) -0.06 (0.05) 43
EC(sim) neutral | 4.13(0.11) 1.38(0.08) -0.04(0.04) 26
warm | 5.05(0.15 1.58(0.09) -0.10(0.03) 11
———————————————————————————
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GC Red - El Ninowinters
Blue - LaNinawinters

Dashed - observations
Solid - modd (9 member ensemble)

Figure 1: Probability Dendty Fundions(PDFs) of extreme winter stormsthat tendto develop
alongthe Gulf Coast (GC) during DJF (19491998. ThePDFs correspondto the maximum
value of theprindpd components assodated with EOF 3 (observationg and EOF 6 (modd).
Values are scaled so that themodd and observed EOFs have the same total variance. Unitsare
arbitrary. The PDFsare thefitsto a Gumbd Distribution. The andysis was doneusng the
XTREMES software package (Reiss and Thomas 1997).
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Figure 2: Same as Fig.1, except for the extreme winter storms tha develop alongthe east coast
(EC). ThePDFs correspondto the maximum value of the principa components assodated with
EOF 4 (observationg and EOF 4 (modd).
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