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Abstract

In contrast to boreal winter when extratropical seasonal predictions benefit greatly from ENSO-
related teleconnections, our understanding of forecast skill and sources of predictability in
summer is limited. Based on 40 years of hindcasts of the Canadian Seasonal to Inter-annual
Prediction System version 3 (CanSIPSv3), this study shows that predictions for the Northern
Hemisphere summer are skillful more than six months in advance in several middle latitude
regions, including eastern Europe—Middle East, central Siberia—Mongolia—North China, and the
western United States. These midlatitude regions of statistically significant predictive skill
appear to be connected to each other through an upper tropospheric circum-global wave train.
Although a large part of the forecast skill for the surface air temperature and 500 hPa
geopotential height is attributable to the linear trend associated with global warming, there is
significant long-lead seasonal forecast skill related to interannual variability. Two additional
idealized hindcast experiments are performed to help shed light on sources of the long-lead
forecast skill using one of the CanSIPSv3 models and its uncoupled version. It is found that
tropical ENSO related SST anomalies contribute to the forecast skill in the western United
States, while land surface conditions in winter, including snow cover and soil moisture, in the
Siberian and western United States regions have a delayed or long-lasting impact on the
atmosphere, which leads to summer forecast skill in these regions. This implies that improving
land surface initial conditions and model representation of land surface processes is crucial for
further development of a seasonal forecasting system.

Significance Statement
Useful seasonal predictions in the boreal summer middle latitude regions are of great value.
In this study, we show that predictions for the boreal summer season are skillful more than six
months in advance in several middle latitude regions, including eastern Europe—Middle East,
central Siberia—Mongolia—North China, and the western United States. The forecast skill in these
regions is associated with a circum-global teleconnection atmospheric circulation pattern.
Sources of the long-lead forecast skill include the global warming related trend and anomalies in

the ocean and land surface initial conditions. It is found that the wintertime snow cover and soil
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moisture in the Siberian and western United States regions have a delayed or long-lasting impact

on the atmosphere, which leads to summer forecast skill.

1. Introduction

Dynamical seasonal predictions are routinely produced at many operational meteorological
centers. Unlike numerical weather predictions that depend primarily on accurate description of
atmospheric initial conditions, seasonal forecasts benefit from atmospheric interactions with
more slowly varying climate system components, e.g., ocean, sea ice, and land surface. The El
Nino — Southern Oscillation (ENSO) phenomenon has long been identified as the most important
source of predictability for seasonal predictions (e.g., Shukla et al. 2000; Derome et al. 2001;
Yeh et al. 2018; Weisheimer et al. 2020). Changes of diabatic heating in the tropical Pacific
associated with sea surface temperature (SST) anomalies of ENSO induce large-scale Rossby
waves propagating into the middle and high latitudes, influencing the extratropical weather.
Significant atmospheric response to ENSO and other forcing is usually found in the winter
season in the Northern Hemisphere when the subtropical westerly jet is strong. For this reason,
most previous seasonal prediction and predictability studies focused on the winter season (e.g.,
Kim et al., 2012; Scaife et al. 2014; Johnson et al. 2014; Butler et al. 2016). For example, ENSO
is associated with the wintertime Pacific-North American (PNA) teleconnection pattern (e.g.,
Wallace and Gutzler 1981), which is likely responsible for the forecast skill of December-
January-February (DJF) 500-hPa geopotential height in that region (e.g., Shukla et al. 2000;
Derome et al. 2001; Lin et al. 2020; Weisheimer et al. 2020).

Less is known about the seasonal forecast skill and sources of predictability in the
extratropical regions in the boreal summer season than winter. This does not mean that a forecast
for the summer season is not as important. As a matter of fact, a useful seasonal prediction for
the summer season is of great value to the public, and to many sectors such as agriculture, health,
and energy, especially in the Northern Hemisphere middle latitude regions where the population
is large. Summertime heatwaves make significant societal impacts (e.g., Changnon et al. 1996;

Lin et al. 2022), and are becoming more frequent with global warming (e.g., Seneviratne et al.
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2012). The probability and frequency of heatwaves are closely associated with summertime
seasonal mean surface air temperature (e.g., Jia et al. 2022).

In this study, we examine the summertime seasonal forecast skill in the Northern Hemisphere
middle latitudes at lead times ranging from zero to nine months. Analysis is performed using the
40-year hindcast output data from two global coupled models of the Canadian Seasonal to
Interannual Prediction System version 3 (CanSIPSv3) which is being implemented in operations
in early summer 2024. We show that seasonal forecasts for the boreal summer season are skillful
in several middle latitude land regions a few months in advance. We explain the long-lead
forecast skill and explore sources of predictability through idealized hindcast experiments.

Section 2 describes the CanSIPSv3 models and data that we use in this study. Section 3
presents the forecast skill in the boreal summer. Section 4 presents the forecast skill for the
hindcast with trends removed, so that contributions from trends and interannual variability are
assessed. In section 5, how the forecast skills in different middle latitude regions are connected
to each other and to circulation patterns are analyzed. In section 6, sources of the long-lead
summer time seasonal forecast skill and predictability are explored by performing two idealized

hindcast experiments. A summary and discussion are given in Section 7.

2. Models and data

CanSIPSv3 is the third version of the Canadian Seasonal to Interannual Prediction System,
which is recently developed for Innovation Cycle phase 4 (IC-4) of the Canadian Centre for
Meteorological and Environmental Prediction (CCMEP) of Environment and Climate Change
Canada (ECCC) and is being implemented in operations in early summer 2024. Like CanSIPSv2
(Lin et al. 2020), CanSIPSv3 consists of two global coupled models, GEM5.2-NEMO and
CanESM5.1, and thus is a multi-model ensemble system. With each model, 20-member hindcasts
of 40 years (1981-2020) are made starting from the beginning of each month with a range of 12
months. Of the 20 ensemble members, 10 are initialized on the 1% of the month and the other 10
five days before. For example, for the hindcast of January 1, 2000, 10 members are initialized at
00Z January 1, 2000, and 10 members start at 00Z December 27, 1999. GEM5.2-NEMO is an
upgraded version of GEM-NEMO in CanSIPSv2 and GEM5.1-NEMO in CanSIPSv2.1, which are
described in detail in Lin et al. (2020; 2021) and Sospedra-Alfonso et al. (2024). Its most basic
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features and major changes are outlined below. CanCM4i in CanSIPSv2.1 is replaced by
CanESM5.1 in CanSIPSv3.

a. GEM5.2-NEMO

Developed at Recherche en Prévision Numérique (RPN), GEM5.2-NEMO is a fully coupled
global model. Its atmospheric component is the Global Environmental Multiscale (GEM) model
(Coté et al. 1998; Girard et al. 2014), which is the operational Numerical Weather Prediction
(NWP) model at ECCC. The GEM version 5.2 in CanSIPSv3 has a Yin-Yang grid and is
configured with a horizontal resolution of 1 degree and 85 vertical levels. For the land surface
module, the ISBA scheme (Noilhan and Planton 1989; Noilhan and Mahfouf 1996) is applied. Soil
moisture is represented in two layers with a 10 cm upper layer and a location dependent deep layer.

The ocean component is NEMOvV3.6 on the ORCAL grid with a nominal horizontal resolution
of 1° x 1° (1/3° meridionally near the equator) and 50 vertical levels. The CICE 6.0 model is used
for the sea ice component with five ice-thickness categories.

In the hindcast, the atmospheric initial conditions are based on the European Centre for
Medium-Range Weather Forecasts (ECMWF) reanalysis version 5 (ERA5; Hersbach et al. 2020).
Random isotropic perturbations are added to the reanalysis fields to create initial conditions for
different ensemble members with a similar method to that in the ECCC monthly forecast system
(Lin et al. 2016). The ORASS5 reanalysis (Zuo et al. 2015) is used to initialize the 3-D ocean
temperature, salinity, and currents, as well as sea surface height and sea ice thickness. The sea ice
concentration is initialized with Had2CIS (Lin et al. 2020), which consists of HadlSST2.2
(Titchner and Rayner 2014) combined with the Canadian Ice Service data (Tivy et al. 2011). The

land surface initial conditions in the hindcast come from an offline historical run of the Surface
Prediction System (SPS), which is the same ISBA surface scheme as in the GEM model (Carrera
et al. 2010), forced by the near-surface atmospheric and the precipitation fields of the ERA5
reanalysis. The greenhouse gas (GHG) concentrations are prescribed for each hindcast year as
observed annual globally averaged values that are assembled at RPN from several sources
including the World Meteorological Organization  Greenhouse  Gas  Bulletin

(https://wmao.int/publication-series/greenhouse-gas-bulletin).

b. CanESM5.1
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CanESM5.1 derives from the Canadian Earth System Model version 5 (Swart et al. 2019) in
the form of the pl variant described in Sigmond et al. (2023), which is a fully coupled ocean-
atmosphere-land-sea ice climate model developed at the Canadian Centre for Climate Modelling
and Analysis (CCCma). The atmospheric component has a horizontal T63 spectral resolution
(approximately 2.8°) with 49 hybrid vertical coordinate levels. CanESM5.1 employs version 3.6.2
of the Canadian Land Surface Scheme (CLASS; Verseghy 2000) and the Canadian Terrestrial
Ecosystem Model (CTEM).

The ocean component is NEMOv3.4.1 on the ORCA1 grid with a nominal horizontal
resolution of 1° x 1° (1/3° meridionally near the equator) and 45 vertical levels. The LIM2 model
(Fichefet and Morales Maqueda 1997) is used for the sea ice component.

In the hindcast, the initial conditions of atmosphere, ocean, land, and sea ice come from
assimilation coupled runs with the atmosphere, ocean and sea ice concentration nudged to the
ERAS5 and ORASS reanalysis, and Had2ClIS, respectively, and the sea ice thickness constrained to
values derived from the SMv3 statistical model of Dirkson et al. (2017). A set of parallel
assimilation runs starting from different dates are performed to generate initial conditions for
different ensemble members. The GHG concentrations are prescribed in the hindcast as the CMIP6
historical (omitting volcanic forcing from eruptions that occur after initialization) and the SSP2-
45 scenarios.

A novel aspect of the CanESM5.1 hindcasts is the introduction of tendency correction terms
in the prognostic equations for atmospheric wind, temperature, and humidity, together with ocean
temperature and salinity. These cyclostationary corrections are derived as described in Kharin and
Scinocca (2012) from nudging runs similar to those that provide the initial conditions, but with
nudging coefficients adjusted to minimize biases in runs with the tendency corrections applied.
This generally reduces climatological biases in the hindcasts, and generally improves their skill.

c. Verification data and analysis methods
We use ERADS reanalysis as the verification and analysis data, which include monthly mean 2-
m temperature (T2m), 500-hPa and 200-hPa geopotential height (Z500 and Z200), precipitation

rate (PR), and sea surface temperature (SST). For simplicity, hereafter the reanalysis data are
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referred to as observations. Both the observation and model data are interpolated into a 2.5° x2.5°
resolution before the analysis.

As a measure for deterministic seasonal forecast skill, we use temporal anomaly correlation
coefficient (ACC) between the seasonally averaged observational and ensemble mean forecast
anomalies over the 40 years of hindcast. A Student’s t test is used to assess the statistical
significance for the grid-point ACC skill. The effective number of degrees of freedom is reduced
by the autocorrelation of the time series as estimated according to Bretherton et al. (1999).

The Continuous Ranked Probabilistic Skill Score (CRPSS; e.g., Bradley and Schwartz 2011,
Wilks 2011) is calculated as probability skill of the ensemble seasonal forecast. CRPSS measures
the fractional improvement in error of the forecast distribution relative to a forecast based on the
observed climatology. Here it is calculated following the methodology as described in Kharin et
al. (2017). The statistical significance of CRPSS is obtained based on a bootstrapping resampling

method.

d. ldealized hindcast experiments

To explore sources of predictability and explain the long-lead seasonal forecast skill in the
summertime Northern Hemisphere middle latitudes, two idealized hindcast experiments are
performed, both initialized at the beginning of February. As in the hindcast, each experiment
produces 12-month integrations of 20 members over 40 years of 1981-2020.

In the first experiment (Exp 1), GEM5.2-NEMO, one of the coupled models in CanSIPSv3, is
used. The objective of this experiment is to study the contribution of ocean and sea ice initial
conditions. Therefore, realistic ocean and sea ice initial conditions that are the same as in the
GEMb5.2-NEMO hindcast are utilized. For the atmosphere and land, however, the forecasts of 39
years, from 1981 to 2020 excluding 1991, start from the February 1991 initial condition, which is
that of February 1, 1991, for 10 members and January 27, 1991, for the other 10 members. For the
1991 forecast, the initial conditions of February 1990 are used. In this way, there would be no
contribution to the forecast skill from atmosphere and land initial conditions. The forecast skill
would mainly come from the initial conditions of the ocean and sea ice.

In the second experiment (Exp 2), we aim to isolate the contribution of land surface conditions
at the beginning of February to the forecast skill of Northern Hemisphere middle latitudes in

summer, by excluding the impact of ocean and sea ice. For this purpose, we use the uncoupled
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atmospheric model, GEM5.2, which is the atmospheric component of GEM5.2-NEMO. The initial
conditions for the atmosphere and land are realistic, which are the same as in the GEM5.2-NEMO
hindcast, but the initial SST and sea ice concentration are quickly (in 15 days) relaxed to prescribed
climatological SST and sea ice concentration. Therefore, seasonal forecast skill with several month
lead time, if any, would mainly come from land surface initial conditions. While there is
interannual variability in the atmospheric initial conditions, its influence can be expected to vanish
over a period of a few weeks, with any longer-term influences such as from the Quasi-Biennial
Oscillation expected to be minor.

Atmospheric trends over the 40 years of hindcast may come from trends in the initial conditions
and be generated in the model integration because of changes in the specified GHG concentrations.
In the case of Exp 1, trends are introduced from the ocean and sea ice initial conditions and are
generated by radiative forcing of the specified yearly GHG concentrations. In Exp 2, we use
constant GHG concentrations (e.g., 380 ppm of CO,) for all the 40 years, so that the main source
of trends in the summertime seasonal means in this experiment would be the land surface initial

condition.

3. Seasonal mean forecast skill of JJA

We start by looking at the forecast skill of JJA seasonal mean T2m for the hindcasts at different
lead times. Shown in Fig. 1 is the anomaly correlation skill of ensemble mean forecasts for JJA
T2m by the two CanSIPSv3 models over the Northern Hemisphere land at lead times of one
(initialized on May 1) to four (initialized on February 1) months. Significant forecast skill is seen
in the middle latitudes, with high values mainly in three regions: eastern Europe and Middle East;
Siberia-Mongolia-North China; and the western United States. Relatively larger positive
correlations are also found near eastern Canada. It is interesting that the skill distribution and
strength are almost independent of lead time. Skillful T2m seasonal predictions are obtained for
the summertime Northern Hemisphere middle latitudes several months in advance. The two
CanSIPSv3 models have very similar behavior and performance, indicating that the long lead
forecast skill is not model dependent but likely determined by the fundamental nature of the
climate system. When the ensemble forecasts of the two CanSIPSv3 models are combined, the

skill is enhanced with a similar distribution (Fig. S1), consistent with previous studies showing
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that a multi-model forecast outperforms individual models (e.g., Krishnamurti et al. 1999; Kharin
et al. 2009; Becker et al. 2014).

Not only does the ensemble mean deterministic forecast show long-lead skill, but similar
results are also obtained from the CRPSS skill of probabilistic forecasts (Fig. 2).

Based on the Geophysical Fluid Dynamics Laboratory (GFDL) SPEAR seasonal prediction
system, Jia et al. (2022) reported that the seasonal prediction of North American summertime heat
extremes is skillful several months in advance. A similar result of long lead forecast skill of JJA
T2m in the western United States presented here was found in their study. This indicates that
common sources of skill for the summer T2m forecast in that region are captured in all the
CanSIPSv3 and SPEAR models.

Correlation skill of JUA T2m

b} CanESMS IC date: May 1
~ —
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Figure 1 Correlation between the observed seasonal mean T2m anomaly and its ensemble mean forecast for the
target season of JJA over the Northern Hemisphere land obtained from 40-year hindcasts of GEM5.2-NEMO
(left) and CanESM5.1 (right). The hindcasts are initialized on (a and b) May 1, (c and d) April 1, (e and f) March
1, and (g and h) February 1. Stippling indicates that the correlation is statistically significant at the 0.05 level
based on a Student’s t test. The dark-lined boxes in (a) outline the three regions that will be further analyzed and
discussed.

For the forecast of JJA seasonal mean precipitation rate (Fig. 3), the anomaly correlation skill
is weaker than that of T2m. However, comparing to Fig. 1, we do see relatively high PR forecast
skill over the regions where the T2m skill is high at a lead time of one to four months, and the two
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CanSIPSv3 models agree with each other. Therefore, there is also appreciable long-lead forecast

skill for JJA seasonal mean precipitation in the middle latitudes.
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Figure 2 Same as Fig. 1, but for CRPSS. Stippling indicates that the CRPSS is significantly greater than 0 at the
0.05 level based on a bootstrapping resampling method.

Correlation skill of JJA precipitation rate
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Figure 3 Same as Fig. 1, but for JJA precipitation rate.
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The anomaly correlation skill of JJA Z500 by the CanSIPSv3 models is presented in Fig. 4
over the Northern Hemisphere. Again, the forecast is skillful at a long lead time and the two models
behave similarly. In the middle latitudes, there appear to exist five centers of higher skill values
that tend to form a wave train around the globe. In addition to the three centers over the continents
that correspond to the T2m skill, two oceanic centers can be found, one over the North Pacific and
the other over the western North Atlantic. Similar wave-train like JJA Z500 skill distribution was
observed in CanSIPSv2 for the 1-month lead forecast (Lin et al. 2020). It is likely that the zonal
distribution of summertime middle latitude forecast skill is associated with a circum-global
teleconnection pattern (CGT; e.g., Branstator 2002; Ding and Wang 2005; Beverly et al. 2019).

We will come back to this point in section 5.

Correlation skill of JUA Z500

a) GEM5.2-NEMO IC data: May 1 b) CanESMS IC date: May 1
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Figure 4 Correlation between the observed seasonal mean Z500 anomaly and its ensemble mean forecast for the
target season of JJA over the Northern Hemisphere obtained from 40-year hindcasts of GEM5.2-NEMO (left)
and CanESM5.1 (right). The hindcasts are initialized on (a and b) May 1, (c and d) April 1, (e and f) March 1,
and (g and h) February 1. Stippling indicates that the correlation is statistically significant at the 0.05 level based
on a Student’s t test.

In the above discussions, the spatial distribution of JJA skill is presented for the forecasts at

lead times of one to four months. To understand the dependence of forecast skill on lead time and

11
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season in the Northern Hemisphere middle latitudes, three midlatitude regions of higher forecast
skill of JJA T2m are selected as outlined by the dark-lined boxes in Fig. 1a. They are Region 1:
eastern Europe and Middle East, 30°-60°E, 30°-50°N; Region 2: Siberia-Mongolia-North China,
80°-110°E, 35°-60°N; Region 3: western United States, 125°-95°W, 30°-45°N. Anomaly
correlation skill of seasonal mean (three-month average) T2m is averaged over the land grid cells
of each region for all the lead times and all seasons with the 40-year hindcasts initialized every
month. Figure 5 provides a summary of the area-averaged correlation skill of the seasonal mean
T2m for the two CanSIPSv3 models, which shows the area-averaged anomaly correlation skill as
a function of lead time and target season for each region. As can be seen, for all three regions, the
T2m forecast skill tends to peak around the summer seasons. Statistically significant forecast skill
for the summer seasons (e.g., JJA and JAS) is obtained for all lead times from zero to nine months,
the maximum lead time for a 12 month seasonal forecast. For the target season of JJA, for
example, the nine-month lead forecast starts from September 1 of the previous year. Therefore, in
these midlatitude regions, summertime seasonal mean T2m anomalies can be predicted with higher
skill more than half a year in advance. The same conclusion can be made with the area averaged
CRPSS of the seasonal mean T2m (Fig. S2).

12
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Figure 5 Area averaged anomaly correlation skill of seasonal mean T2m as a function of target season
(horizontal axis) and lead time (vertical axis). Left panels are for GEM5.2-NEMO, and right panels for
CanESMS5.1. (a) and (b) are for area averaged correlation in Region 1, (c) and (d) in Region 2, and (e) and (f)
in Region 3. Stippling indicates that the area-averaged correlation is significantly greater than 0.3 at the 0.05
level based on a bootstrapping resampling method.

4. Contribution of trends and interannual variability

Trends related to climate change influence seasonal forecast skill. Trends were shown to be
among the most important predictors in statistical predictions of monthly and seasonal
temperatures in North America (e.g., Peng et al. 2012; Johnson et al. 2014). In dynamical seasonal
predictions, trends are introduced through initial conditions of the atmosphere, land, ocean, and
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sea ice, and can be generated by radiative forcing of greenhouse gases in the model. Seasonal
forecast skill in general benefits from a realistic representation of trends (e.g., Doblas-Reyes et al.,
2006; Liniger et al., 2007; Boer, 2009). Trends tend to be predictable, whereas predicting the
interannual variability is more challenging. In this section, we try to identify the part of
summertime seasonal forecast skill that arises from the interannual variability and is independent

of the trend by detrending the hindcast and verification data.

Correlation skill of detrended JJA T2m

a) GEMS5.2- NEMO IC date: May 1 b} CanESMS IC date: May 1
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Figure 6 Same as Fig. 1, but for detrended seasonal mean T2m.

The correlation skill calculated for the detrended JJA seasonal mean T2m anomalies is
illustrated in Fig. 6. The skill is considerably weaker than when the trend is retained. This indicates
that trends contribute to a large part of the JJA seasonal mean T2m skill discussed above, e.g.,
Figs. 1 and 5. However, there is still statistically significant long lead forecast skill for the JJA
T2m in the middle latitudes that is associated with the interannual variability. This is especially
clear for the Siberia-Mongolia-North China region (Region 2) and the western US (Region 3),
where both CanSIPSv3 models produce skillful predictions at all the lead times from one to four
months. On the other hand, in the eastern Europe and Middle East region (Region 1), statistically
significant forecast skill of detrended JJA T2m can only be found for the forecasts from May 1 (1-
month lead) in both models (Fig. 6a and b), and April 1 (2-month lead) in GEM5.2-NEMO (Fig.
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6¢). At a longer lead time, there is little forecast skill in Region 1 that is associated with the
interannual variability.

The correlation skill of the detrended JJA Z500 anomaly for the two CanSIPSv3 models at
lead times from 1 to 4 months is shown in Fig. 7. Two maximum skill centers are seen over the
Siberian region and the western United States, corresponding to the T2m skill in Regions 2 and 3,
respectively (Fig. 6). Statistically significant skill of detrended summertime Z500 is also found
over the North Pacific and western North Atlantic areas, indicating that as in the Siberian and
western United States regions there is a significant part of the Z500 skill observed in Fig. 4 over

the oceanic regions coming from the interannual variability.

Correlation skill of detrended JJA Z500

a) GEM5.2-NEMO IC date: May 1 b) CanESMS5 IC date: May 1

d} CanESMS IC date: April 1
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Figure 7 Same as Fig. 4, but for detrended seasonal mean Z500.

As for the correlation skill of detrended JJA precipitation anomaly (Fig. S3), the distribution
is similar to that with the trend retained as in Fig. 4. The trend has a small influence on the JJA
seasonal mean precipitation forecast in the western United States, where the detrended correlation
skill is statistically significant although slightly weaker than that in Fig. 4 for a lead time as long
as three months (March 1 start). This indicates that the interannual variability of JJA precipitation
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in this region is predictable up to three months in advance. Over the Eurasian continent, the
detrended forecast skill of JJA precipitation is less well organized and weaker than that including
the trend for a forecast more than one month in advance.

In summary, forecast skill of JJA T2m in Region 1 at a lead time longer than two months as
observed in Figs. 1 and 5 appears to mainly result from the trend, while that in Regions 2 and 3
includes contributions from both the trend and interannual variability. In Region 3 the interannual
variability of summertime T2m, Z500 and precipitation all have a long-lead forecast skill, whereas
in Region 2 forecasting the interannual variation part of JJA precipitation anomaly is not skillful

at a lead time longer than one month in contrast to T2m and Z500.

5. Link to tropospheric circulation patterns

We have so far demonstrated that the summertime seasonal mean atmospheric condition in
three middle latitude land regions can be predicted with some skill several months in advance. In
this section, through diagnostic analysis of the ERAS reanalysis, we investigate how the T2m
variability in these three regions is interconnected and associated with the tropospheric circulation.

Figure 8 shows the correlations of area-averaged JJA seasonal mean T2m anomalies in Regions
1, 2 and 3 with the JJA T2m anomalies at every grid point. To assess the contribution of interannual
variability, the calculation is repeated with detrended data (right panels). As is evident from Fig.
8, JJA T2m anomalies in the three regions are positively correlated to each other. The correlation
is stronger, and the centers are more consistent when trends are retained (Fig. 8 left panels) than
when only the interannual variability part is considered (Fig. 8 right panels). As JJA seasonal mean
T2m anomalies in these three regions are connected, it is likely that they are a result of the same
process. Trends appear to strengthen the connection among the three regions. When only the
interannual variability is considered, the correlations between Regions 1 and 2 and between
Regions 2 and 3 are statistically significant, but that between Regions 1 and 3 is relatively weak

(Table 1).
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ERAS correlation between JJA T2m and area-averaged T2m

a) Region 1 b) Region 1 detrended
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Figure 8 Correlation between area averaged JJA T2m anomalies in (a) Region 1, (c) Region 2, and (e) Region 3
with JJA T2m anomaly at every land grid point based on the ERA5 reanalysis from 1981 to 2020. The panels
on the right (b, d and f) are the same as the left but with detrended JJA T2m anomalies. Stippling indicates that
the correlation is statistically significant at the 0.05 level based on a Student’s t test. The dark-lined box in each

panel outlines the base region.

R1-R2 R1-R3 R2-R3
with trend 0.78 0.69 0.74
detrended 0.36 0.30 0.42

Table 1 Cross-correlations of the area-averaged JJA T2m anomalies in Regions 1, 2 and 3. Numbers in bold are

statistically significant at the 0.05 level based on a Student’s t test.

To see how the T2m variability in Regions 1, 2 and 3 is associated with the upper
tropospheric circulation, area averaged JJA T2m anomalies are correlated with JJA Z200 at every
grid point with and without trends (Fig. 9). From the correlation maps, a middle latitude wave train
with wavenumber 5 or 6 along the jet stream can be discerned that looks like the observed circum-
global teleconnection pattern (e.g., Branstator 2002; Ding and Wang 2005; Ding et al. 2011). The
positive centers of the wave train which represent Z200 ridges are located near midlatitude eastern
Europe, Siberia, and the western United States, in addition to those over the North Pacific and
North Atlantic. With the trend removed (Fig. 9 right panels), the Z200 correlation appears to have
the same distribution as that including the trend, but the magnitude is reduced. This indicates that

the trend itself has a circum-global teleconnection structure in the upper troposphere that is
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associated with localized T2m anomalies in the middle latitudes. Teng et al. (2022) demonstrated
that indeed the warming trend pattern over the Northern Hemisphere middle latitudes in boreal
summer of 1979-2020 is characterized by hot spots in the land regions including Europe, central
Siberia and Mongolia, and west coast of North America, which is accompanied by a chain of
anomalous high-pressure ridges of an upper tropospheric circum-global Rossby wave train. They
suggested that the circulation trend pattern is associated with fluctuations of the Atlantic multi-
decadal variability and the interdecadal Pacific oscillation, as well as contribution from
interactions with atmospheric synoptic-scale transients.

On the interannual time scale, our analysis shows that the T2m variability in the three
analyzed regions is also closely connected to a circum-global wave train which has the same
pattern as the trend (Fig. 9 right panels). It is possible that some similar mechanisms are responsible
for the generation of the middle-latitude circulation pattern both in the trend and on the interannual
time scale. The boreal summer circum-global teleconnection pattern was observed to be related to
interannual variability of tropical and extratropical forcing. For example, this pattern was found to
be associated with diabatic heating anomalies of the Indian summer monsoon (e.g., Ding and
Wang 2005; Lin 2009; Ding et al. 2011), and with land temperature anomalies of the Tibetan
Plateau (Xue et al. 2022).

ERAS correlation between JJA 2200 and area-averaged T2m

a) Region 1 b) Region 1 detrended

f) Region 3 detrended
== L g PES

e
.
43
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Figure 9 Correlation between area averaged JJA T2m anomalies in (a) Region 1, (¢) Region 2, and (e) Region 3
with JJA Z200 anomaly at every land grid point based on the ERA5 reanalysis from 1981 to 2020. The panels
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on the right (b, d and f) are the same as the left but with detrended data. Stippling indicates that the correlation
is statistically significant at the 0.05 level based on a Student’s t test.

6. Sources of predictability

In this section, we attempt to explain the long lead forecast skill in the summertime Northern
Hemisphere middle latitudes as observed above and explore sources of predictability through
idealized hindcast experiments. As described in detail in section 2, two experiments are conducted,
Exp 1 with the GEM5.2-NEMO coupled model and Exp 2 with the uncoupled GEMS5.2
atmospheric model. The objective is to answer the question of what processes are essential for the
model to produce skillful long-lead predictions for the boreal summer season in the middle
latitudes.

Shown in Fig. 10a is the anomaly correlation skill of JJA seasonal mean T2m anomaly of Exp
1 at a 4-month lead time. As the atmosphere and land are initialized with conditions different from
the current year, the forecast skill mainly comes from the initial conditions of the ocean and sea
ice, as well as GHG concentration changes. Statistically significant skill is seen in the Northern
Hemisphere middle latitudes, with maximum values in the regions of eastern Europe-Middle East,
Siberia-Mongolia-North China, and the western United States. Compared to the GEM5.2-NEMO
hindcast initialized on February 1 (Fig. 1g), the skill of Exp 1 has a very similar distribution but
weaker in the three regions of interest. The skill due to interannual variability, i.e., the detrended
skill (Fig. 10b), is not statistically significant in Region 1, and weaker in Regions 2 and 3 than that
of the GEM5.2-NEMO hindcast (Fig. 6g). This indicates that the ocean and sea ice initial
conditions contribute to the long-lead summertime forecast skill in the middle latitude regions, but

they are not the only contributing factors.

Correlation skill of JIA T2m IC Feburuary 1

a) Exp1
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Figure 10 Anomaly correlation skill of JJA seasonal mean T2m of (a) Exp 1 and (b) Exp 2. Both hindcasts are
initialized on February 1. (b) and (d) are corresponding correlation skill of detrended T2m. Stippling indicates

that the correlation is statistically significant at the 0.05 level based on a Student’s t test.

Figure 10 (c) and (d) are anomaly correlation skill of JJA T2m of Exp 2 with and without the
trend, respectively. As described in section 2, this experiment is conducted using the uncoupled
GEM5.2 atmospheric model with specified climatological SST and sea ice concentration, thus the
only source of long-lead forecast skill is the land surface initial condition. When the trend is
retained (Fig. 10c), statistically significant JJA T2m skill is found in all the three regions of
interest, like in the GEM5.2-NEMO hindcast (Fig. 1g) and Exp 1 (Fig. 10a). For the interannual
variability component, the detrended part (Fig. 10d), skillful JJA T2m forecasts are obtained in
Regions 2 and 3, consistent with the GEM5.2-NEMO hindcast (Fig. 6g). In fact, the magnitude of
correlation skill in Regions 2 and 3 of Exp 2 (Fig. 10d) is comparable to that of the GEM5.2-
NEMO hindcast (Fig. 6g), indicating that the land surface initial condition contributes greatly to
the interannual variability component of the long-lead forecast skill in these two regions.

Trends are introduced to Exp 1 through ocean and sea ice initial conditions and generated by
radiative forcing due to changes in greenhouse gas concentrations during the 40-year hindcast
period. In Exp 2, as the greenhouse gas concentration is fixed, trends originate only from initial
conditions of land surface, including snow cover and soil moisture. The above analysis shows that
the long-lead summertime forecast skill in Region 1 results mainly from the trend. In Regions 2
and 3, the forecast skill is associated with the interannual variability of the ocean and sea ice (Exp
1), and land surface (Exp 2), and is enhanced by the trend.

Next, we further investigate the processes that are responsible for the long-lead JJA forecast
skill of the interannual variability in Regions 2 and 3. To assess the contribution of SST, area
averaged detrended JJA T2m anomalies in Regions 2 and 3 are correlated with SST anomalies in
March-April-May (MAM) for the observations and for the Exp 1 forecasts, which are shown in
Fig. 11. The observed JJA T2m anomalies in Region 2 are not found to be strongly correlated with
MAM SST (Fig, 11a), whereas in the Exp 1 forecast there are strong negative correlations in the
tropical Pacific with a pattern similar to that of ENSO-correlated SST anomalies (Fig. 11b). This
indicates that the model overestimates the Region 2 T2m response to SST anomalies, although the
ensemble averaging may enhance the correlations by filtering out the noise. The lack of significant

forecast skill of Exp 1 in Region 2 (Fig. 10b) is likely due to this disagreement between the model
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and observations. On the other hand, in Region 3, both the observed (Fig. 11c) and model forecast
(Fig. 11d) JJA T2m anomalies are significantly correlated with MAM SST anomalies in the
tropical eastern Pacific, i.e., a positive JJA T2m anomaly in the western US is associated with a
La Nina-type tropical SST anomaly in MAM. This contributes to the skillful long-lead JJA forecast
in Exp 1 for the interannual variability in Region 3 (Fig. 10b). Therefore, the ENSO-like SST
anomaly in spring is an important source of forecast skill in JJA in the western United States
region. It is a little surprising to note that cold SST off the coast of the western USA is associated
with warm summers over the adjacent land area. This suggests that a La Nina SST is forcing a
circulation anomaly, resulting in warm temperature over the land. The cold SST off the coast is

likely just a response to the circulation anomaly and has little impact on the T2m over the land.

Correlation of MAM SST with detrended area-averaged JJA T2m

a) ERAS Region 2 b) Exp1 Region 2
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Figure 11 Correlation between observed MAM SST and area-averaged JJA T2m in (a) Region 2, and (c) Region
3; Correlation between Exp 1 forecast MAM SST and area-averaged JJA T2m in (b) Region 2, and (d) Region
3. The calculation is done for detrended anomalies. Stippling indicates that the correlation is statistically

significant at the 0.05 level based on a Student’s t test.

The contribution of land surface processes to the long-lead summertime forecast skill is
assessed using the hindcast output of Exp 2. To answer the question of what land surface anomalies
in the February 1 initial condition lead to summertime T2m anomalies in Regions 2 and 3,
correlations are calculated between area averaged detrended JJA T2m anomalies in these two
regions in Exp 2 and the snow amount, measured as snow water equivalent (SWE), and upper layer
soil moisture in the February 1 initial condition, which is shown in Fig. 12. As can be seen, the
JJA T2m anomalies in Region 2 and Region 3 are negatively correlated with the initial snow
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amount and soil moisture in the Siberian, and North American regions, respectively. The area-
averaged snow amount and soil moisture are positively correlated at 0.48 and 0.55 in Regions 2
and 3, respectively, indicating that more (less) snow is associated with wetter (drier) soil. The
correlation maps of Fig. 12 indicate that summertime predicted warm (cold) anomalies in these
two regions can be traced back several months earlier to localized land surface conditions of below

(above) normal snow amount and soil moisture.

Correlation of detrended area-aceraged JJA T2m with Feb 1 IC Land in Exp2

a) SWE with R2

b) SWE with R3
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Figure 12 Correlation between February 1 (a and b) SWE, (c and d) upper layer soil moisture and Exp 2 forecast
area averaged JJA T2m in Region 2 (left panels), and Region 3 (right panels). The calculation is done for
detrended anomalies. Stippling indicates that the correlation is statistically significant at the 0.05 level based on
a Student’s t test.

Figure 13 shows the correlation between February 1 snow amount and seasonal mean T2m in
MAM and JJA at each grid point in the observations and Exp 2 forecast. February 1 snow amount
is negatively correlated with MAM T2m in the observations in the middle latitude Europe and
North America (Fig. 13a). When it is correlated with JJA T2m, statistically significant negative
correlations are seen over Regions 2 and 3 (Fig. 13b). Reduced (increased) winter snow amount in
these two regions leads to localized warm (cold) summertime T2m anomalies. Similar associations
of MAM and JJA T2m with winter snow amount are also observed in Exp 2 (Fig. 13c and d),
although the model tends to overestimate this relationship compared to the observations. It is
interesting to note that the impact of February 1 SWE on MAM T2m over the northern part of
Region 2 is weak (Fig. 13a and c), when T2m is cold and the ground is covered with snow. The

impact becomes strong in JJA (Fig. 13b and d) when the snow melts. Perhaps not surprisingly, an
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anomalously high (low) winter snow amount tends to lead to a longer (shorter) melting period and
a cooler (warmer) summer. This suggests that anomalous winter snow amount over the Siberian
and western United States regions has a delayed or long-lasting impact on the surface air
temperature, which gives rise to the long-lead forecast skill.

Correlation of detrended JJA T2m with Feb 1 SWE

a) Feb1 SWE with OBS MAM T2m b) Feb1 SWE with OBS JJA T2m
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Figure 13 Temporal correlation between February 1 SWE and the ERA5 seasonal mean T2m in () MAM, and
(b) JJA at each grid point. Correlation between February 1 SWE and the Exp 2 forecast seasonal mean T2m in
(c) MAM, and (d) JJA. The calculations are calculated for detrended anomalies. Stippling indicates that the

correlation is statistically significant at the 0.05 level based on a Student’s t test.

7. Summary and discussion
In this study, we analyze the seasonal forecast skill based on 40-year hindcast output from two
global coupled models in the CanSIPSv3 seasonal prediction system, with emphasis on the
Northern Hemisphere middle latitude land areas in the summer season. The main findings are
summarized below:
e Seasonal predictions for the summer season are skillful more than six months in
advance in several Northern Hemisphere middle latitude land regions, including
eastern Europe-Middle East (Region 1), Siberia-Mongolia-North China (Region 2),
and the western Unites States (Region 3).
e The forecast skill of surface air temperature in these regions tends to peak in boreal
summer seasons regardless of the lead time.
e Although a large part of the seasonal forecast skill of JJA T2m and Z500 in the Northern

Hemisphere middle latitudes comes from the trend associated with global warming,
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there is statistically significant long-lead seasonal forecast skill that is associated with
the interannual variability, especially in Regions 2 and 3.

e The forecast skill centers tend to be connected to each other through an upper
tropospheric circum-global teleconnection wave train.

e Several sources of predictability for the long-lead summertime seasonal forecast are
identified from two idealized hindcast experiments using the GEM5.2-NEMO coupled
model and its uncoupled atmospheric component. The trend is not only the main
contributor to the skill in Region 1 (eastern Europe and Middle East), but also helps to
enhance the forecast skill in Regions 2 and 3. An ENSO-like tropical SST anomaly is
an important source of skill for the JJA season in the western United States (Region 3).
Land surface conditions in winter, including snow amount and soil moisture, in the
Siberian and western US regions have a delayed or long-lasting impact on the
atmosphere, which leads to summer forecast skill of interannual variability in these

regions.

Our analysis shows that JJA seasonal forecast skill benefits from trends. By looking at the
40-year JJA T2m trend in the ERAS reanalysis (e.g., Fig. 14a; Fig. 1a of Teng et al. 2022), we can
see that the observed trend itself has a distribution similar to the JJA forecast skill (Fig. 1) with
positive centers in the Northern Hemisphere middle latitude land regions, collocated with Regions
1,2 and 3. In the two CanSIPSv3 models, the forecast JJA T2m trend does not seem to depend on
lead time. Both models produce warming trends in the middle latitude land regions. Figure 14
shows the forecast JJA T2m trend from the hindcasts initialized on February 1. The negative trend
in the middle North Atlantic is likely associated with the problem of the ocean initial conditions
of the Atlantic Meridional Overturning Circulation in the ORAS5 reanalysis, which is used in both
CanSIPSv3 models, as is reported in Tietsche et al. (2020). GEM5.2-NEMO appears able to
reproduce the distribution of the observations, with relatively large positive trend values in
Regions 1, 2, and 3 (Fig. 14c). The amplitude of the trend at the centers in GEM5.2-NEMO,
however, is underestimated. In CanESM5.1, the JJA T2m trend seems overestimated in the middle
latitude land regions (Fig. 14e). A large part of the JJA T2m trend in GEM5.2-NEMO comes from
the ocean and sea ice initial condition and GHG forcing (Fig. 14b). The warming over the Barents

— Kara Seas area is likely associated with sea ice loss. The land surface initial condition contributes
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to the localized warming centers in Regions 1, 2 and 3 (Fig. 14d). By adding the trend in Exp 1
and Exp 2, Figure 14f shows that the contribution to the trend from the ocean and sea ice is largely
independent of that from the land surface, as their sum is close to that of GEM5.2-NEMO hindcast
(Fig. 14c). Improvement of trend representation in the models will likely further improve the JJA

forecast skill in the Northern Hemisphere middle latitudes.
1981-2020 trend of JJA T2m

a) ERAS b) Exp1 1C02
N

a0

Figure 14 (a) JJA T2m trend in ERAS reanalysis. JJA T2m trends from ensemble mean forecast obtained from
40-year hindcasts of (c) GEM5.2-NEMO, (e) CanESM5.1, (b) Exp 1, and (d) Exp 2. The hindcasts are initialized
on February 1. (f) Sum of JJA T2m trend in Exp 1 and Exp 2. Unit: °C in 40 years. Stippling indicates that the

linear trend is statistically significant at the 0.05 level based on a Student’s t test.

The middle latitude regions of higher JJA forecast skill appear connected to each other and
associated with a circum-global teleconnection (CGT) pattern. The CGT was observed in previous
studies in the boreal summer associated with the trend and on the interannual time scale. The
fluctuations of the Atlantic multi-decadal variability and the interdecadal Pacific oscillation were
found to be correlated with the CGT (e.g., Teng et al. 2022). Teng and Branstator (2019)
hypothesized that climate change can alter the basic circulation state and thereby enhance CGT as
quasi-stationary Rossby waves by increasing their resonance. The CGT was found to be linked to
forcing of the Indian summer monsoon (e.g., Ding and Wang 2005; Lin 2009), North American
soil moisture (Teng et al. 2019), and Tibetan Plateau land temperature (Xue et al. 2022). From the
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current study, we show that the boreal summer CGT which is accompanied with the JJA forecast
skill can be generated from ocean, sea ice and land surface initial conditions in the previous winter
season. For example, as seen in Fig. 14d, trends from the winter land surface condition can result
in a JJA T2m trend that resembles that associated with the CGT pattern. The winter land surface
condition itself is likely influenced by climate change. How the sea ice loss contributes to the CGT
trend is also of great interest. An improved understanding of the CGT dynamics is certainly helpful
for seasonal predictions in the boreal summer.

A further interesting result from this study is that the land surface conditions, including
snow amount and soil moisture, in winter or spring has a delayed or long-lasting impact on the JJA
forecast skill in the middle latitude land regions. This implies that accurate land surface initial
conditions and model representations of these land surface processes are crucial elements of
seasonal forecasting systems and provide promising avenues for improving skill. Further studies

are needed to better understand these processes and their contributions to predictability.
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