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Abstract

We investigate to what extent it is possible to exploit by statistical means the
influence of the El Nifilo — Southern Oscillation (ENSO) on the rainfall
distribution along the North American Pacific coast. Regression with monthly
sea surface temperature (SST) anomalies from the central Pacific is tested for
predictability of upcoming wet-season extreme precipitation frequency. It is also
evaluated if an SST signal can be detected in the weather-related loss data
provided by the natural catastrophe data base NatCatSERVICE operated by
Munich RE. We show that the summertime SST anomalies in the tropical Pacific
can explain 18% of the variance of heavy precipitation frequency in the
southwest of North America (USA, Mexico) during the winter season (NDJF).
Increased summer SST in the central Pacific is connected to a significantly
enhanced risk of a severe winter precipitation season. The probability of heavy
precipitation exceeding a certain frequency in the upcoming winter can

reasonably be assessed with a lead time of five months.
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1 Introduction

Substantial benefits could arise from prior knowledge whether atmospheric conditions will
foster heavy precipitation events in an upcoming wet season. One example for this is the
insurance industry which could adapt their risk management to account for expected loss
levels, but there would also be benefits for society as a whole, since heavy precipitation also
contributes largely to annual rainfall (Gershunov and Barnett, 1998). Thus, adaptation of
water management would be facilitated as well.

Among others, Gershunov and Barnett (1998), Cayan et al. (1999), or Schubert et al.
(2008) have shown that the El Nifio — Southern Oscillation (ENSO) has strong influence on
rainfall distribution and frequency of heavy precipitation events in America. In this study, we
investigate to what extent it is possible to exploit this by statistical means, to what extent
regression with monthly sea surface temperature (SST) anomalies can predict upcoming wet-
season extreme precipitation frequency, and also if an SST signal can be detected in the
weather-related losses provided by the natural catastrophe loss data base NatCatSERVICE
operated by Munich RE.

We show that the summer SST anomalies in the tropical Pacific can explain 18% of
the variance of heavy precipitation frequency in the southwest of North America (USA,
Mexico) during the winter season (NDJF). Increased summer SST in the central Pacific is
connected to an enhanced risk of a severe winter precipitation season. This significantly
enhanced risk is also found for precipitation-related losses despite a sparse dataset. The paper
is organized as follows: Sec. 2 outlines the datasets and definitions. In Sec. 3, we present

methods and results and Sec. 4 gives our conclusions.

2 Data and Definitions

2.1 Data
The “US-MEX” dataset from NCEP is our source of precipitation data. It contains rain gauge
measurements interpolated to a 1°x1° grid. Daily rain amounts are available in the domain
140W-60W, 10N-60N for the years 1948-2005 (Higgins et al., 1996; Higgins, 2000).

To determine the state of ENSO, we used monthly SST anomalies of the Pacific from
three different tropical regions centered on the equator. These anomalies are the Nifo3,
Nifio3.4 and Nino4 indices, according to the designators of the different areas. As shown in

Fig. 1, the Nino3 area is the easternmost, the Nifio4 area is the westernmost, and the Nifo3.4
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area overlaps with both of them. The Nifio indices for 1950 to 2008 were obtained from the
NOAA Climate Prediction Center (www.cpc.ncep.noaa.gov/data/indices/sstoi.indices;
downloaded on 12/01/2009).

To highlight the spatial and temporal distribution of the information extractable from
the SST and to verify that the information is well-contained in the Nifio indices, we use the
gridded SST dataset ERSST.v3 (Smith und Reynolds, 2003, 2004; Xue et al., 2003; Smith et
al., 2008).

The catastrophe loss database NatCatSERVICE operated by Munich RE was used to
assess the socio-economic impacts of the severe weather. In this database, catastrophes are
classified into seven categories of severity ranging from ‘“natural event” to “great disaster”
(Table 1). While the database contains various natural hazards, only the types “blizzard”,
“flash flood”, “general flooding”, “landslide”, “tropical cyclone” or “severe storm” were

considered here.

2.2 Definitions

Extreme precipitation: We consider precipitation extreme if the local 99.7% quantile of daily
rain amount is exceeded. This allows for investigation across different climatic regions since
this choice ensures that on long-term average, an extreme event will occur about once (1.09
times) a year everywhere in the domain. For some calculations, a time series of a scalar value
representing extreme precipitation rather than an evolving field was necessary. To obtain
such, the pixels exhibiting extreme precipitation were counted in the investigation area
between 17°N-38°N and 101°W-123°W. The selection of this area is motivated in section 3.2.

State of ENSO: A classification of the state of ENSO — that is, El Nifio, neutral or La
Nifa — was required for some computations. Our classification may be based on one of the
three ENSO indices mentioned above. When the selected monthly index is above the 75%
quantile, El Nifio is diagnosed, when it is below the 25% quantile, La Nifa is diagnosed, and
otherwise the state is considered neutral.

Damage index: The NatCatSERVICE events were converted to a time series similar to
the extreme precipitation field: They were counted over the winter seasons in the
investigation area. As a compromise between severity and the available number of events,
only catastrophes with a NatCatSERVICE classification of 3 or 4 were used. For the
timeframe 1975 to 2007, 64 such events were contained in the database. However, since our

analysis was limited to the months NDJF, only 33 events could be used.
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Category 3 or “severe catastrophe” denotes a total damage of USD 50-200 million
and/or 20-100 fatalities. Category 4 or “major catastrophe” pertains to a total damage of USD
200-500 million and/or 100-500 fatalities (Table 1). To synthesize these events of varying
severity by a single quantity, we arrived at a damage index D which weighs category 4 events

three times as much as a category 3 event. Hence the formula is:
D = Ncais + 3 Ncas (1)

in which N denotes the number of catastrophes of a given category. For example, five

category 3 events and two category 4 events will lead to a damage index of eleven.

3 Methods and Results

3.1 Average seasonal distribution of extreme precipitation and losses
The “US-MEX”-dataset includes several climatic regions which have storm seasons at
different times in the year or do not have a specific storm season at all. The Pacific coast
receives most extreme precipitation during winter, but, for example, northern Mexico has two
peaks in extreme rainfall — one due to the winter rainfall and one due to the American
Monsoon during summer (e.g., Adams and Comrie, 1997). Fig. 2 shows the recurrence
frequency for extreme precipitation as a composite for November to February.

The seasonal distribution of the damage index D in the investigation area marked by
the black rectangle in Fig. 1 is shown in Fig. 3. The winter months DJF account for over 50%
of the damage. This corresponds well to the fact that extreme precipitation during this time of
year is pronounced, too, and making it especially interesting to deal with changes during these
months. In the following, we consider the months NDJF as winter, pertaining to similar

precipitation patterns during these months rather than to calendrical constraints.

3.2 Change of recurrence intervals in connection with ENSO

The recurrence intervals for extreme precipitation in case of El Nifio, La Nifa, and for the
whole time period were calculated for each month of the year. The ENSO status for this
computation was derived from the monthly Nifio3.4 index. Generally speaking, during the
months November to February, El Nifio is associated with a decrease of the recurrence

intervals in the north of the dataset domain and with an increase in the south. The change of
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sign occurs between 40°N and 45°N. A similar structure becomes apparent in the La Nifia
anomaly, but with opposite sign.

During the other months of the year, no clear larger-scale anomaly was noticed in the
south of the domain. The only signature worth mentioning is an increase of extreme
precipitation over Canada during La Nifia that is lasting during all months. Due to the similar
structure for the months NDJF, we show the recurrence frequency anomalies for El Nifio and
La Nifia together as a difference. The area which our analysis is focusing on was chosen
according to the focal areas of response given in Fig. 4. The investigation area contains most
of the west coast positive anomaly pole seen in the El Nifio — La Nina difference plot. We

estimate that at least 55 million people are living in this investigation area.

3.3 Relating ENSO to future wet season intensity

The previous section demonstrated only qualitatively that ENSO can have a great impact on
heavy precipitation in the investigation area. Next, we will show which regions of the Pacific
have the biggest influence on the extreme precipitation at different lead times. Therefore, we
calculated the Pearson correlation r between the number of pixels exhibiting extreme
precipitation in the winter season (N, D, J, F) and the monthly SST anomalies from the
ERSST dataset. This was repeatedly done for different lead times, defined as time between
availability of the monthly SST data and 1 December. The pixels were counted on a daily
basis so that each grid point can contribute multiple times per winter. The SST anomalies
have been taken from months varying between November, that is, with a lead time of 0
months, and the January before with a lead time of 10 months. The years 1951 to 2004 were
considered for this calculation.

In Fig. 5, three of the eleven resulting correlation maps are shown. Significant
correlation can be seen in many parts of the Pacific. If we focus on the Nifio areas centred on
the equator, all three Nifio areas contain similarly high correlation. However, if we move on
to higher lead times, the correlation vanishes in the eastern Pacific, so that for the June map
with a lead time of five months, only the Nifio3.4 and the Nifio4 areas still display high
correlation values. For the highest considered lead time, ten months, the correlation has faded
so far that only the Nifio4 area contains pixels with substantial correlation.

Fig. 6 shows the square of the Person correlation, averaged over the Nifio4 area. This
r? is the fraction of variance that can be explained by the considered process. We see that for
lead times up to five months, the Nifio4 SST can explain about 15% of the winterly extreme

precipitation variability before the correlation is fading for higher lead times. If we consider
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only the SST in the western half of the Nifio4 area (dashed line) the figures are slightly higher
(up to 18%). How these correlations translate into terms of regression success is covered by

the following section.

3.4 Seasonal forecast using Cox regression

In a regression, one or more observables are mapped via an analytical function into a
predicted value. Coefficients in the formula need to be determined by a training dataset, so
that the outcome fits the observations best. We have used a Nifio index as input variable and
the percentage of average extreme precipitation frequency in the investigation area in the
upcoming winter as output. The Nifio index can originate from either of the Nifio areas and
can have a lead time ranging from zero to ten months.

We then applied a Cox regression model of proportional hazards (Cox, 1972;
Andersen and Gill, 1982; Therneau et al., 1990) as it was suggested by Maia and Meinke
(2008). With this model, not only the output variable can be computed but also the likelihood
for different outcomes. The statistics software R and the included package “survival”
provided the required tools for this computation (R Development Core Team, 2009). The base
function was estimated with the method by Nelson (1969) and Aalen (1978).

As the values of the Pearson correlation in the maps of Fig. Sa-c are all below 0.5, one
would not expect that a perfect regression is possible. Exemplarily, Fig. 7 confirms this by
showing that the observed values of extreme precipitation frequency are broadly scattered
especially for positive SST anomalies.

To give an evaluation, we determined how often the regression is above or below the
100% line, that is, a prediction is correctly above or below the average seasonal course. A
bootstrap method was applied to obtain stable results: 40 years were randomly chosen and
used as training data set for the regression. For the remaining 15 years, the results were
predicted. As the results are varying for different random choices of the years, the experiment
was repeated 50000 times and then results were averaged. In Fig. 8, we see that the regressed
values correctly reproduce an above- or below-average course of the season around 70% of
the times for lead times up to five months. Note that the variability between different steps At
is not the result of a special selection of the years but comes indeed out of the data.

The usage of more than one covariate in the regression — for example a second SST
anomaly value at a different lead time or also the value of the Pacific North American

Oscillation (PNA) index at different lead times — led to no improvement of the results. We
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interpret this as an overfitting problem (e.g., Wilks, 2006) and conclude that only one
covariate can be fitted with a sample size of 55 cold seasons.

From Fig. 7, it seems that an enhanced SST broadens the spectrum of the extreme
precipitation variability in terms of creating favourable conditions for severe winter seasons,
but not mandatorily triggers extreme precipitation. For the damage index, a regression did not
seem appropriate. Only 33 events were available in 32 winters. Because of this, the seasonal
damage index did only occur in five different values. This digital nature cannot be approached

appropriately by a regression analysis operating with a continuous independent variable.

3.5 Hazard assessment

To determine the probability of a winter season to exhibit heavy precipitation above a certain
threshold, we compared the series of El Nifio winters to all winters using the Wilcoxon-Rank-
Sum significance test. Calculations were made for a variety of different parameter
combinations. Here, we only highlight one result: Winters for which the observed Nifio4
index indicated El Nifio already in the June before exhibit considerably higher extreme
precipitation frequency on average than the whole time series. The Rank-Sum test indicates
that the El Nifo series is above 130% of the average series on a significance level greater than
90%. This means that there is only a chance of less than 10% that such high values can occur
when choosing randomly the same amount of winters. Or in other words: If El Nifio
conditions prevail in June, the chances are higher than 90% that in the upcoming winter, the
extreme precipitation count will be at least 30% higher than normal. The same result applies
for the NatCatSERVICE damage index series although only a shorter period of 32 winter

seasons could be used.
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4 Conclusions

The results we presented did not make full use of the special abilities of the Cox regression
model. A simple linear regression could probably provide results of similar quality. We found
the data to be too sparse and too scattered to gain reasonably small confidence intervals for
the fine-graded risk assessment which is one of the major advantages of the Cox regression
model. However, we did exploit the integrated rating of the input variables and in general find
the Cox regression model a promising approach. We also encourage other researchers to use
methods of the survival analysis, to which the Cox regression model belongs, in the field of
meteorology.

Our research revealed that the probability of heavy precipitation along the American
Pacific coast in the upcoming winter can reasonably be assessed with a lead time of five
months. For example, we found a 90% probability for a 130% severity of the upcoming
winter season precipitation if El Nino conditions are present in June. Although the
NatCatSERVICE dataset is very sparse in the considered domain, a higher risk for socio-
economic impacts could be assessed as well. From the three considered Nifio indices, the
Nifio4 index is best-suited for making estimates at long lead times. By selection of a
customized input area in a SST dataset, slight improvements compared to this index appear
possible. Nevertheless, an exact quantitative forecast of the extreme precipitation as we
defined it is not possible, since El Nifio seems not to be the trigger for a severe winter season
but only a promoter. However, the regression presented here is beneficial for decision-makers

who need estimates of the wet season severity repeatedly every year.
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Tables
Table 1: NatCatSERVICE natural catastrophe ranking into seven categories (courtesy of
Munich RE).

1 Natural event No property damage (e.g. forest fire with no damage to buildings)
1 Small-scale loss event 1-9 fatalities and/or hardly any damage
2 Moderate loss event 10-19 fatalities and/or damage to buildings and other property

2000-2005 1990ies 1980ies

20+

3 Severe catastrophe - Overall losses US$ >50m > 40m > 25m
fatalities
_ 100+
4 Major catastrophe o Overall losses US$ >200m > 160m > 85m
fatalities
_ 500+
5 Devastating catastrophe — Overall losses US$ >500m >400m > 275m
atalities

5 Great natural catastrophe Thousands of fatalities, economy severely affected, extreme
“GREAT disaster” insured losses (UN definition)

12
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Figure captions
Fig. 1: Geographical overview on the Nifio areas considered and the investigation area (IA).

Nifio4: black solid, Nifio3.4: gray dashed, Nifio3: gray solid.

Fig. 2: Recurrence frequency for extreme precipitation as a composite for November to

February in the US-MEX dataset. The investigation area is marked by a black rectangle.

Fig. 3: Distribution of the damage index D inside the investigation area on the four seasons
(DJF, MAM, JJA, SON) in percent. Underlying are 64 category 3&4 events during 1975-
2007.

Fig. 4: Difference in recurrence frequency anomaly between El Nifio- and La Nifia-months in

a composite for November to February. The investigation area is marked by a black rectangle.

Fig. 5: Correlation coefficient r between SST anomaly in a given month and extreme
precipitation frequency in the following winter (NDJF) in the investigation area (IA): (a)
November, 0 months lead-time; (b) June, 5 months lead-time; and (c) January, 10 months

lead-time. Coloured areas contain correlations on significance levels greater 90%.

Fig. 6: Explained variance r* between winter extreme precipitation count and SST anomalies

from ERSST-dataset averaged over Nifio4 area at different lead times (1951-2004).

Fig. 7: Scatter plot of observed (crosses) relative winter extreme precipitation frequency
versus SST anomaly in the Nifio4 area at five months lead time. Regression with the full

dataset of 55 yeas (1950/51-2004/05) as training data is also shown (circles).
Fig. 8: Exemplary validation of a Cox regression model, showing the percentage of forecasts

correctly above or below the average of extreme precipitation frequency at different lead

times.
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