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ABSTRACT

Seasonal killing-frost frequency (KFF) during the cool/overwintering-crop growing season is important for the

Canadian agricultural sector to prepare and respond to such extreme agrometeorological events. On the basis of

observed daily surface air temperature across Canada for 1957–2007, this study found that more than 86% of

the total killing-frost events occur in April–May and exhibit consistent variability over south-central Canada, the

country’s major agricultural region. To quantify the KFF year-to-year variations, a simple index is defined as the

mean KFF of the 187 temperature stations in south-central Canada. The KFF variability is basically dominated by

two components: the decadal component with a peak periodicity around 11 yr and the interannual component of

2.5–3.8 yr.A statistical method called partial least squares (PLS) regression is utilized to uncover principal sea

surface temperature (SST) modes in the winter preceding the KFF anomalies. It is found that most of the

leading SST modes resemble patterns of El Niño–Southern Oscillation (ENSO) and/or the Pacific decadal

oscillation (PDO). This indicates that ENSO and the PDO might be two dominant factors for the KFF

variability. From a 41-yr training period (1957–97), a PLS seasonal prediction model is established, and

1-month-lead real-time forecasts are performed for the validation period of 1998–2007.A promising skill level

is obtained. For the KFF variability, the prediction skill of the PLSmodel is comparable to or even better than

the newly developed Canadian Seasonal to Interannual Prediction System (CanSIPS), which is a state-of-the-

art global coupled dynamical system.

1. Introduction

Killing-frost events are one of the major agro-

meteorological disasters during the crop-growing season

in Canada (e.g., Zhang et al. 2000; Shabbar and Bonsal

2003; Vincent and Mekis 2006; Qian et al. 2010). Fre-

quent occurrences of killing-frost events often lead to

reduced production in agriculture. Therefore, seasonal

prediction of killing-frost frequency (KFF) is of critical

importance for the agricultural sector to identify risks

and opportunities, and prepare for such extreme agro-

meteorological events. However, extensive research

into this area has yet to be conducted. This motivated

us to carry out the present work and we will focus on
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the cool/overwintering-crop growing season (April–

September). Cool/overwintering crops include, among

others, wheat, barley, canola, oat, rye, strawberry, alfalfa,

timothy, apple, pear, peach, cherry, plum, grape, and

chestnut.

According to the definition of Qian et al. (2010), KFF

during the cool/overwintering-crop growing season refers

to the number of days with minimum surface air temper-

ature (Ts) below 228C from April through September.

Seasonal prediction of KFF is a challenging issue, be-

cause killing-frost events are usually on synoptic time

scales and a synoptic event may become unpredictable

beyond a few days to 2 weeks (Lorenz 1965). Never-

theless, time or space averages of synoptic events, or the

statistical behavior of KFF, may be predictable over

time scales of seasons or longer due to interactions be-

tween the atmosphere and the more slowly varying

oceans and land surface properties, such as sea surface

temperature (SST) and snow cover, etc. (e.g., Namias

1959, 1965; Charney and Shukla 1981; Barnett et al.

1987; Robinson et al. 1993; Shabbar and Khandekar

1996; Shukla 1998; Wang et al. 2000; Wu et al. 2009;

Wang et al. 2010; Lin and Wu 2011).

As a matter of fact, many studies have explored how to

predict the seasonal mean of extreme weathers with pre-

cursory low boundary conditions. For instance, Wu et al.

(2011b) used SST and snow cover in the preceding March

to predict the extreme temperature conditions associated

with the growing-season start of warm-season crops across

Canada. Lin and Wu (2011, 2012) found that the autumn

Tibetan Plateau snow cover extent may improve seasonal

prediction of the extremely anomalous 2009/10 winter in

North America. Zhang et al. (2011) established a fore-

casting scenario with SST conditions during the preceding

October for the occurrence of anomalous wet and cold

Januarys in southern China. Using the prior North Pacific

SST and Arctic sea ice concentration, Wu et al. (2011a)

developed anempiricalmodel to predict the extremewinter

conditions like 2007/08, during which persistent once-in-a-

century snowstorms occurred over southeastern Asia.

The aforementioned studies may provide a sense of

direction for the seasonal prediction of KFF in the

major Canadian agricultural regions during the cool/

overwintering-crop growing season. In this paper, we

attempt to answer the following questions: What are

the basic features of KFF in Canada and how do we

quantify the KFF year-to-year variations over the major

Canadian agricultural regions? How are the KFF vari-

ations linked to large-scale atmospheric circulations and

previous SST conditions? The most important issue is

how to predict the KFF variability.

This paper is organized as following. Section 2 in-

troduces the datasets, model, and methodology used in

this study. Section 3 suggests that most killing-frost

events occur during April–May in Canada and exhibit

a consistent variability over south-central Canada (south

of 658N). From this, a KFF index is defined as the mean

KFF of the 187 temperature stations south of 658N, which

is dominated by two components: the decadal (DC) and

interannual (IA) components. Section 4 presents the

large-scale three-dimensional circulation features asso-

ciated with the DC and IA components and identifies

the associated dominant SST modes in the preceding

December–February (DJF). In section 5, two partial

least squares (PLS) seasonal prediction models are es-

tablished to predict the DC and IA components, re-

spectively. Real-time forecasts are performed for

the period 1998–2007. The last section summarizes our

major findings and discusses some outstanding issues.

2. Data, model, and methodology

The main datasets used in this study include 1) the

homogenized historical daily Ts at 210 relatively evenly

distributed temperature stations across Canada for the

period 1957–2007 [Vincent et al. 2002; for the distribu-

tion of stations, see Fig. 1 in Wu et al. (2011b)]; 2) the

40-yr European Centre for Medium-Range Weather

Forecasts (ECMWF)Re-Analysis (ERA-40;Uppala et al.

2005) and the ERA-Interim reanalysis dataset (Dee et al.

2011); 3) the SST data from the extended reconstructed

SST, version 2 (ERSST V2), data (Smith and Reynolds

2004); 4) the Pacific decadal oscillation (PDO) index

(http://www.esrl.noaa.gov/psd/data/correlation/pdo.data),

defined as the leading principal component (PC) of

monthly SST anomalies in the North Pacific Ocean; and

5) the Niño 3.4 index, which is defined as the averaged

SST anomaly in 58N–58S, 1708–1208W.

Also used are the historical 1-month-lead forecast

data of daily minimum Ts for the period of 1998–2007

coming from the hindcast experiment of the Canadian

Seasonal to Interannual Prediction System (CanSIPS),

which consists of two coupled atmosphere–ocean–ice–

land climate models (versions 3 and 4 of the Canadian

CommunityAtmosphereModel, CanCM3 andCanCM4,

respectively) developed at Canadian Center for Climate

modeling and analysis (CCCma). CanCM3 uses the

CanAM3 atmospheric model (also known as AGCM3;

Scinocca et al. 2008) with horizontal resolution of about

315 km (T63) and 31 vertical levels, together with the

CanOM4 ocean model with horizontal resolution of

about 100 km and 40 vertical levels and the Canadian

Land Surface Scheme (CLASS) land model (Verseghy

2008). Sea ice dynamics are treated as a cavitating fluid,

as described in Flato and Hibler (1992). CanCM4 (Arora

et al. 2011) uses the atmospheric model CanAM4 (also
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known as AGCM4) again with horizontal resolution of

T63 but with 35 vertical levels. The CanOM4 ocean,

CLASS land, and cavitating fluid sea ice components

are essentially the same as in CanCM3. CanSIPS has

been recently implemented at Environment Canada

for operational seasonal predictions. It exhibits an ex-

cellent level of skill in ENSO prediction, ranking second

among the eight major seasonal forecast systems (Lee

andMerryfield 2010). The hindcast, generated under the

second Coupled Historical Forecast Project (CHFP2),

was produced according to the guidelines of the Climate-

systemHistorical Forecast Project (CHFP) of theWorld

Climate Research Program (WCRP). It consists of a

10-member ensemble for each of the twoCCCmamodels,

and is initialized at the beginning of each month with

a 12-month integration.

The period of our analysis on KFF covers from 1957

through 2007. To get a longer time length, the ERA-40

and ERA-Interim data are combined together. We use

the ERA-40 data for the period 1957–2002 and extend

the data from 2003 through 2007 by using the ERA-

Interim data. To maintain temporal homogeneity, the

2003–07 ERA-Interim data were adjusted by removing

the climatological difference between the ERA-40 and

ERA-Interim data [for themethods seeWang et al. (2010)

and Wu et al. (2011b)].

To reveal the dominant SST patterns associated with

theKFFvariations, we employ the PLS regressionmethod.

Specifically, PLS regression embodies the well-known

concept of partial correlation, as it seeks the predictors

Z, which are linear combinations of factors X, being

referred to as latent vectors or PLS components, and

maximizes 1) the variance explained in Y and 2) the

correlation betweenX andY (Haenlein andKaplan 2004;

Smoliak et al. 2010). Unlike the empirical orthogonal

function (EOF) analysis, which identifies major patterns

explaining SST variations, using PLS regression we can

find the PLS components of SST variations that best

explain the covariance between SST variations and the

KFF variations in Canada. In other word, it reveals the

dominant SST patterns that not only account for most of

the SST variations but are also closely related to the

KFF variability in the region.

3. Major features of KFF during the cool/
overwintering-crop growing season

Figure 1a presents the climatology of KFF across

Canada during the cool/overwintering-crop growing sea-

son. A prominent feature is that the KFF values increase

with latitude, which indicates that the cool/overwintering-

season crops in high-latitude regions experience more

killing-frost days than those in low-latitude regions. In

addition, western Canada often sees fewer killing-frost

events than does eastern Canada. Another notable

feature is that killing-frost events occurring in April–

May (AM) make up 86.2% of the total, while only a

minor portion occur in September (Fig. 1b). Therefore,

in the following sections we will focus on the AM season

for seasonal prediction of the KFF.

Figure 2 exhibits the two leading EOF modes of

KFF across Canada during the cool/overwintering-crop

growing season for the period 1957–2007. The EOF1

mode accounts for 27.3% of the total variance (Fig. 2a).

According to the rule given by North et al. (1982), the

EOF1 mode is significantly distinguished from the rest

of the eigenvectors in terms of the sampling error bars

(not shown). The EOF2mode accounts for 11.7% of the

total variance and is also distinguished from the other

modes (Fig. 2c). The agrometeorological meaning of the

first two modes is examined here.

The EOF1 mode basically shows a monosign pattern

with maximum loading located in northern Canada and

its amplitude decreasing southward (Fig. 2a). This pat-

tern primarily resembles that of the climatological mean

(Fig. 1a) and reflects a consistent variability in the whole

Canada KFF. PC1 exhibits a notable shift in phases and

magnitudes around 1990: PC1 has more significant neg-

ative values before 1990 and positive values with larger

magnitudes after 1990 (Fig. 2b).

The prominent feature of the EOF2 mode is a merid-

ional dipole pattern with anomalies of opposite signs

between south-central and northern Canada: a positive

KFF anomaly center is located in central Canada and

a negative center in northern Canada (Fig. 2c). This

indicates that a high PC2 year corresponds to more

killing-frost events in south-central Canada and fewer in

northern Canada, and vice versa. PC2 is basically dom-

inated by interannual variations, and its amplitude has

increased considerably since 1990 (Fig. 2d).

Before investigating its seasonal prediction, we first

need to examine the quantification of the KFF year-to-

year variability in Canada. We propose a simple KFF

index, which is defined as the mean KFF of 187 tem-

perature stations south of 658N. This definition is based

on two facts. One is that themajor Canadian agricultural

regions are basically concentrated in the regions south of

658N, since the regions north of 658N are too cold for

crop growing. The other is that KFF exhibits a consistent

variability over the regions south of 658N as far as the

two leading EOFmodes are concerned (Figs. 2a and 2c).

Figure 3a presents the time series of the standardized

KFF index for 1957–2007 (black curve). It involves two

time scales: the DC and the IA time scales (Figs. 3b and

3c). The latter is dominant, which accounts for around

79%of the total variances.Nevertheless, to reach a better
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level of seasonal prediction skill, we decomposed the

KFF index time series into the DC and the IA compo-

nents, namely, KFF(DC) and KFF(IA) (red and green

curves, respectively, in Fig. 3a). The IA component

contains all Fourier harmonics that have periods of less

than 8 yr, while the DC component contains all Fourier

harmonics that have periods longer than 8 yr, including

the interdecadal variations. Figures 3b and 3c display the

power spectrum of the DC and IA components. The

KFF(DC) peak is centered around 11 yr, and the KFF

(IA) around 2.5–3.8 yr. The latter is close to the typical

periodicity of El Niño–Southern Oscillation (ENSO)

(e.g., Ropelewski and Halpert 1986).

In the following section, we will identify three-

dimensional circulation structures associated with the

DC and IA components of the KFF variability and their

predictability sources, respectively.

4. Circulation structures and predictability sources

As mentioned above, we focus on the AM season.

Figure 4 showsAMsurface circulation anomalies regressed

FIG. 1. (a) Climatological mean of KFF across Canada during the cool/overwintering-crop

growing season (April–September) (color shadings in unit of days). (b) Seasonal cycle of the

Canada mean KFF from April through September (blue bars in days). The vertical purple line

indicates 1 Jun. The climatological mean and the seasonal cycle are calculated on the basis of

the period 1957–2007.
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to time series of the KFF(DC) andKFF(IA) index along

with the climatology. One evident feature in a high KFF

(DC) year is an anomalous Ts cooling area prevailing

over the North American (NA) continent and centered

in northern Canada (color shadings in Fig. 4b). The Ts

pattern in Canada well resembles the spatial pattern of

the EOF1 mode if the corresponding spatial pattern

reverses its sign (Fig. 2a), the correlation coefficient

between KFF(DC) and PC1 reaching 20.52 [significant

at greater than the 5% level based on the Student’s

t test and the effective degree of freedom calculated

according to the method proposed by Chen (1982)].

This pattern indicates that more killing-frost events in

Canada are often accompanied by a cooler than normal

AM, and vice versa. Another pronounced feature is a

dipole pattern of sea level pressure (SLP) in the eastern

Pacific (contours in Fig. 4b). A notable positive SLP

anomaly center occupies the North Pacific with signifi-

cant anticyclonic wind anomalies at 925 hPa (vectors in

Fig. 4b). This positive SLP center is located slightly to

the north of the climatological Hawaiian high pressure

system (Fig. 4a). Meanwhile, a negative SLP anomaly

center controls the subtropical North Pacific, with cy-

clonic wind anomalies at 925 hPa (contours in Fig. 4b).

Such flow configuration indicates a northward-shifted

Hawaiian high pressure system and favors cold air from

the north.

For a high KFF(IA) year (Fig. 4c), the surface circu-

lation pattern is similar to that of a high KFF(DC), ex-

cept that the positive SLP anomaly center prevailing

over the North Pacific is stronger than its DC counter-

part, with its high ridge expanding more eastward, to-

ward south-central Canada (contours in Fig. 4c). A cool

Ts anomaly center controls south-central Canada (south

of 658N), which overlaps with the positive KFF anomaly

center of the EOF2 mode (Fig. 2c). In fact, the corre-

lation coefficient between KFF(IA) and PC2 is 0.38,

significant at greater than the 1% level based on the

Student’s t test.

Figure 5 compares AM circulation anomalies at

500 hPa regressed to the two components of the KFF

index time series along with the climatology. For the DC

component (Fig. 5b), the circulation pattern in themiddle

troposphere is similar to that near the surface. Such a

barotropic structure indicates that the circulation anom-

alies associated with the DC component may originate

from a remote forcing. According toWu et al. (2012), the

physical mechanism may be interpreted as follows. In

a high KFF(DC) year, Canada is basically controlled by

continental-scale middle–low-troposphere low pressure

FIG. 2. (a) Spatial pattern (color shadings in days) and (b) the corresponding PC of the first EOFmode of the KFF

across Canada during the cool/overwintering-crop growing season from 1957 to 2007. (c),(d) As in (a),(b), but for the

second mode. The numbers in the parentheses indicate the fractional variance of the EOF modes. The red curves in

(a) and (c) denote 658N.
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anomalies (Fig. 5b); the ascending movements associ-

ated with the low pressure anomalies cool and wet the

boundary layer, enhancing cloud formation; the result-

ing surface radiative cooling further cools the surface.

Such processes may favor the occurrence of more killing-

frost events. For a low KFF(DC) AM, the situation is

just the opposite.

For the IA component (Fig. 5c), the circulation

anomalies at 500 hPa over south-central Canada exhibit

an opposite variation tendency compared to that near

the surface, namely, a baroclinic structure (Figs. 5c and

4c). In a high KFF(IA) year, the high-level jet stream

tends to be intensified over themiddle of NA (408–608N)

(Figs. 5a and 5c). The strengthened baroclinic structure

may increase synoptic eddy activities and consequently

leads to more killing-frost events in south-central Can-

ada. In a low KFF(IA) year, the situation is just the

opposite: the high-level jet stream tends to be weakened

over the middle of NA. The reduced baroclinicity may

suppress synoptic eddy activities and favor less killing-

frost events in south-central Canada.

To identify potential predictability sources associated

with the DC and IA components of the KFF variations,

we employ the PLS regression method to find the most

dominant SST modes that best explain the covariations

between SST and the KFF index. Figure 6 presents the

four leading modes of preceding winter (DJF) SST

corresponding to the KFF(DC) index from the PLS

FIG. 3. (a) Time series of the standardized KFF index for 1957–2007 (black curve) and its DC

(red curve) and IA (green curve) components. (b),(c) Corresponding power spectrum of the

DC and IA components of the KFF index time series.
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regression analysis for the 41-yr period (1956–96). These

modes in total account for 87.8% of the total variance

of the KFF(DC) index. Note that SST data after the

1996/97 winter are not used, as we employ them for the

real forecast. The significance of each mode is reflected

by two numbers: the first one is the percentage of vari-

ance in the KFF(DC) index explained by the SST pat-

tern; the other one is the percentage of total SST

variance explained by the same SST pattern. Thus, in

building the regression model, the PLSmethod searches

FIG. 4. The AM (a) climatology in SLP (contours in hectopascals), surface air temperature

(Ts; color shadings in degrees Celsius), and 925-hPa winds (vectors in meters per second), and

their anomalies regressed to the (b) KFF(DC) and (c) KFF(IA), as defined in Fig. 3. Only wind

speed anomalies above 1 m s21 are plotted.
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for SST patterns that not only reflect the PCs of the SST

variations but are also closely related to the variations in

the DC component of the KFF index.

A prominent feature in Fig. 6 is that the first two

leading SSTmodes exhibit obvious ENSOpatterns (e.g.,

Ropelewski and Halpert 1986). Their correlation co-

efficients with the Niño-3.4 index reach 20.61 and 0.84,

respectively (Table 1), significant at greater than the 5%

level based on the Student’s t test with adjusted degrees

of freedom. The equatorial Pacific signal of the second

SST mode occurs closer to the central Pacific than that

of the first mode does (Figs. 6b and 6a). The former

resembles a pattern corresponding to the central Pacific

or Modoki-type ENSO (Weng et al. 2007; Yeh et al.

2009), while the latter corresponds to the traditional or

eastern Pacific ENSO. In addition, the first mode also

has signals in middle and high latitudes of the North

Pacific and is significantly correlated with the PDO (e.g.,

Mantua and Hare 2002); their correlation coefficient

being 20.60. The third and fourth leading modes have

aweak linkagewith the PDO, their correlation coefficients

being 20.27 and 0.29, respectively (Table 1), which in-

dicates that other processes besides ENSO and the PDO

may also contribute to the variability of the KFF(DC).

Figure 7 displays the four leading SST modes associ-

ated with the IA component of the KFF index, which

account for 65% of the total variance of the KFF(IA)

index. In general, these SST modes have signals in both

the tropical and mid–high-latitude North Pacific, which

are similar to their DC counterparts. For instance, the

first two leading modes are highly related to both ENSO

and the PDO (Table 1). The third and fourth modes also

bear an intimate linkage with the PDO, while the latter

has a moderate correlation with ENSO in the mean-

while, their correlation coefficient being 20.30.

To summarize, ENSO and the PDO might be two

dominant factors for the KFF variability in south-central

Canada and these leading modes may provide potential

predictability sources for the KFF variations. In the

following section, we will examine their contribution to

seasonal prediction of the KFF.

5. Seasonal prediction

To confirm the contribution of the above predictors to

the seasonal prediction of KFF, two empirical seasonal

prediction models are developed using the PLS re-

gression method for the DC and IA components of the

KFF index, respectively. We use a 41-yr training period

from 1957 to 1997 to build the PLS regression models

and perform a 10-yr (1998–2007) real forecast to ex-

amine their skill. Although Figs. 6 and 7 only present the

first four leading modes, we found that using five leading

modes for the DC component and eight leading modes

for the IA component gives a better degree of fore-

casting skill (not shown). For comparison purposes, we

also calculated the skill of the 1-month-lead hindcast

fromCanSIPS, which are initialized at 0000UTC 1March.

Its calculation procedure is as follows. First, the CanSIPS

hindcast data were adjusted by removing the clima-

tology and variance differences between the observa-

tions and CanSIPS; then the hindcast KFF indices for

10-member CanCM3 and 10-member CanCM4 simula-

tions are calculated member by member, individually;

and, finally, the 20-member ensemblemean is used as the

CanSIPS hindcast KFF indices.

Figure 8 presents the skill of reproduction and real-time

forecasts. During the 41-yr training period (1957–97),

FIG. 5. As in Fig. 4, but for 500-hPa geopotential height

(Z; contours in geopotential decameters) and winds (vectors;

m s21). Only wind speed anomalies above 2 m s21 are plotted.

JANUARY 2013 WU ET AL . 109



the PLS model can reproduce the KFF index time se-

ries with an excellent degree of skill: the correlation

coefficient between the observed and the reconstructed

KFF index time series reaches 0.97 and the root-mean-

square error (RMSE) is 0.13. Moreover, the model ex-

hibits a reasonable level of skill in the real forecast period

of 1998–2007. The correlation coefficient between the

observation (black curve) and the PLS forecast (red

curve) is 0.77 and the RMSE is 0.59. For comparison

purposes, we also calculated the KFF index of the

CanSIPS 1-month-lead hindcast data during the same

period (1998–2007) (green curve). The correlation co-

efficient between the observation and the CanSIPS

hindcast is 0.73 and the RMSE is 0.8. Therefore, the PLS

skill is comparable to or even better than the CanSIPS

hindcast. Note that our PLS model uses the DJF SST

data and the forecast can be made in early March.

Thus, the PLS forecast is actually 1 month or even

earlier before occurrences of killing-frost events, which

are basically in the AM season. Therefore, this statistical

FIG. 6. (top to bottom) First four leadingmodes of DJF SST from PLS regression analysis for

the period 1957–2007. The first percentage number is the total variance of the KFF(DC) index

explained by the SST mode and the second number is the total SST variance explained by the

same mode.

TABLE 1. Correlations between SSTmodes in Figs. 6 and 7 with the

DJF PDO and Niño-3.4 index.

SST mode DJF PDO DJF ENSO

1 (DC) 20.60 20.61

2 (DC) 0.14 0.84

3 (DC) 20.27 20.08

4 (DC) 0.29 20.07

1 (IA) 20.68 20.86

2 (IA) 20.51 0.40

3 (IA) 0.51 20.04

4 (IA) 0.52 20.30
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model provides a useful prediction tool for agroclimatic

events in Canada.

6. Discussion and conclusions

Studies into the seasonal prediction of agro-

meteorological conditions in Canada are relatively few,

yet are of critical importance for the Canadian agricul-

tural sector in identifying risks in advance. This paper

focuses on seasonal prediction of the KFF during the

cool/wintering-crop season in south-central Canada.

Based on observational daily Ts data at 210 stations

across Canada (Vincent et al. 2002), we find that most

killing-frost events (86.2% of the total) occur in the AM

season and exhibit a consistent variability over south-

central Canada (south of 658N).AKFF index is proposed

and defined as the mean KFF of 187 temperature sta-

tions south of 658N to quantify the KFF year-to-year

variations. The variability of the KFF in south-central

Canada is basically dominated by the DC and IA com-

ponents, with peak periodicities around 11 and 2.5–3.8 yr,

respectively. Their three-dimensional circulation struc-

tures are also examined.

To identify the predictability sources of the KFF

variations, the PLS regression method is utilized to un-

cover the leading SST modes during the preceding DJF.

These modes resemble patterns that are highly relevant

to ENSO or the PDO. This indicates that ENSO and the

PDO might be two dominant factors affecting the KFF

variability. Based on a 41-yr training period (1957–97),

a PLS seasonal prediction model is established to pre-

dict theKFF variability using the five leading SSTmodes

associated with theDC component and the eight leading

SST modes with the IA component. One-month-lead

real forecasts are performed for the period 1998–2007. A

promising level of prediction skill is obtained, which is

comparable to or even better than that of the 1-month-

lead hindcast achieved by CanSIPS. Therefore, this PLS

FIG. 7. As in Fig. 6, but for the KFF(IA) index.
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model provides a useful seasonal prediction tool for

agrometeorological events in Canada.

Although ENSO and the PDO are regarded as two

principal predictability sources, an outstanding issue is how

these patterns impact the KFF variability in south-central

Canada. It has been well established that the influence of

ENSO extends to North America through atmospheric

teleconnections related to tropical diabatic forcing (e.g.,

Horel and Wallace 1981). Some studies found ENSO and

the PDO influence SST, SLP, and surface wind in very

similar ways and themost obvious difference between them

is the time scale (Gershunov and Barnett 1998; Mantua

2001). Many studies have attempted to unveil the effect

of the PDO and ENSO on each other. The results have

been largely inconclusive and/or contradictory. However,

Gershunov and Barnett (1998) suggested that the PDO has

a modulating effect on the climate patterns resulting from

ENSO. They also pointed out that this does not mean that

the PDO physically controls ENSO, but rather that the

resulting climate patterns interact with each other.

Although the detailed physical mechanism on how

ENSO and the PDO influence the KFF variability is not

yet clear, the circulation structures associated with the

DC and IA components of the KFF variations may im-

ply two possible processes. One is through a certain

barotropic teleconnection, modulating the continental-

scale pressure anomalies in south-central Canada, the

boundary layer conditions, the local cloud formations,

and in turn the occurrence of the killing-frost events.

The other is throughmodifying the upper-level jet stream

across south-central Canada, changing the local baro-

clinicity and, consequently, the occurrence of the killing-

frost events. Nevertheless, these speculations call for

further numerical and theoretical studies.

In addition to SST anomalies (SSTAs), snow cover or

other low boundary anomalies may also contribute to the

KFF variability. For instance,Wuet al. (2011b) andLin and

Wu (2011, 2012) revealed the potential effects of snow

cover on seasonal mean surface temperature conditions

over NorthAmerica. However, because of the limitation of

the PLSmethod, we did not analyze the role of snow cover

in this work andmaydo a further investigation in the future.
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FIG. 8. PLS regression model results for forecasting the KFF index based on five SST modes

corresponding to the DC component of the KFF index and eight SST modes corresponding to

the IA component. The black curve is the observed KFF index. The red curve for the period

1957–97 is the reconstructed KFF index with the SSTmodes, and that for the period 1998–2007

is the PLS model forecast. The green curve indicates the 1-month-lead hindcast by CanSIPS.

The Corr0 andRMSE0 are the correlation andRMSEbetween the reconstructed and observed

KFF indices for the period 1957–97, Corr1 and RMSE1 are the PLS results for the forecast

period 1998–2007, and Corr2 and RMSE2 are for the CanSIPS results.
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