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ABSTRACT

The monthly forecasting system of the Institute of Atmospheric Sciences and Climate of the National
Research Council (CNR-ISAC) of Italy is operationally run on a weekly basis in the framework of the
Subseasonal-to-Seasonal (S2S) project to produce 41-member ensemble forecasts. The first two years of
forecasts, covering 106 weeks from April 2015, are verified against ERA-Interim as weekly averages starting
from the first forecast day. Nonprobabilistic scores of 500-hPa geopotential height and 850-hPa temperature
anomalies are computed for the extratropical hemispheres. The anomaly correlation coefficient shows en-
hanced predictive skill during the cold months, when favorable values are occasionally obtained beyond
week 2. The root-mean-square error saturates toward the climatological value between weeks 2 and 3. Re-
liability diagrams are used to evaluate the probabilistic forecast skill of 2-m temperature over Northern
Hemisphere extratropical land points, in terms of above- and below-normal events. The forecasting system
loses reliability and resolution beyond week 2, but well reproduces the observed 2-yr mean frequency up to
week 4, proving to be unbiased. The reliability of the forecasting system systematically outperforms that
obtained by persisting the previous week forecast. Beyond week 2, the forecast distribution of below-normal
events shows low confidence. However, a reliability diagram based on equally populated bins of forecast
probabilities highlights residual resolution up to week 4 at low probabilities. ROC diagrams confirm that the
modeling system has greater discrimination capability for below-normal events. The reliability analysis of
accumulated precipitation shows minor differences between below- and above-normal events, with lower skill
than 2-m temperature.

1. Introduction investigations on the feasibility of subseasonal forecasts
(Brunet et al. 2010).

The initial state of the atmosphere and underlying
boundaries contributes to the predictability of an anom-
alous future state, with the atmospheric initial conditions
affecting predictability beyond the medium range of the
integration (Reichler and Roads 2003). Atmospheric
phenomena whose life cycle length is comparable to the
subseasonal scale are a privileged source of predict-
ability: in this context, the Madden—Julian oscillation
(MJO) is considered of primary importance (Waliser
2011). The MJO affects the atmospheric intraseasonal
variability in the tropics, where it originates, and prop-
agates its influence on the medium latitudes through
teleconnections (Cassou 2008; Lin et al. 2009), affecting
some major modes of internal variability and their pre-
dictability, such as the North Atlantic Oscillation (Vitart
and Molteni 2010). Predictive skill also benefits from the
state of climatic circulation modes such as El Nifio—
Southern Oscillation (ENSO; White et al. 2014). Moreover,
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Subseasonal prediction usually refers to forecasts
with a lead time beyond two weeks and less than one
season that share theoretical and practical aspects with
both medium-range weather and seasonal predictions
(e.g., Vitart 2004; Hudson et al. 2011). The predictability
issue underlying subseasonal forecasts stands between
the initial and boundary condition predictability prob-
lems, or predictability of the first and the second kind as
originally defined by Lorenz (1975). Improved model
formulation and resolution, ensemble strategies, data
observation and assimilation techniques, and the increase
of observations and computing capacity and availability,
have allowed tackling the intricacies associated with the
two predictability kinds with growing success in the last
decades (Bauer et al. 2015). These improvements suggest
that there is predictive signal potentially available at all
atmospheric space-time scales (Hoskins 2013), fostering
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has been shown to enhance the predictability in the
subseasonal scale (Tripathi et al. 2015). Although more
relevant on longer time scales, forcing from the initial
state of land and ocean influences subseasonal pre-
dictability (e.g., Chen et al. 2010). For example, nu-
merical studies have recently highlighted the role of
initialization of frozen and liquid soil moisture and
snow cover over particular regions and periods (e.g.,
Thomas et al. 2016).

The possibility to obtain predictive skill and the in-
creasing interests in applications of predictions on the
subseasonal scale (White et al. 2017) have promoted
dynamical subseasonal forecasting that, going beyond
the first experiments in the 1980s, has become one of the
numerical products progressively developed in recent
years (e.g., Vitart 2014). The forecasting activities un-
dertaken by a growing number of centers have been
recently gathered in, and favored by, the ongoing World
Weather Research Programme/World Climate Research
Programme initiative on Subseasonal-to-Seasonal (S2S)
prediction (Robertson et al. 2015). Since 2015, as one of
the main goals of the project (Vitart et al. 2017), 11 op-
erational and research centers contribute reforecast and
quasi-real time forecast simulations to the S2S database.
A dataset of reforecast simulations is necessary for cali-
bration purposes (Hagedorn et al. 2008) and to evaluate
model bias. Moreover, reforecasts allow for a robust
evaluation of the model predictive skill, feasible even in
cases of limited ensemble members because of the long
reference period usually covered (Weigel et al. 2008).

Recent studies addressed the deterministic and prob-
abilistic performance of subseasonal forecasting systems.
Hudson et al. (2011) used a 27-yr reforecast dataset to
assess the predictive skill of the second fortnight of pre-
cipitation and minimum/maximum temperature with the
Predictive Ocean Atmosphere Model for Australia.
Vitart (2014) compared reforecast datasets from different
versions of the European Centre for Medium-Range
Weather Forecasts (ECMWF) subseasonal forecasting
system, showing the increasing capacity to predict MJO
and associated extratropical teleconnections. Li and
Robertson (2015) compared reforecasts of three differ-
ent modeling systems highlighting the difficulties in
forecasting weekly averaged precipitation anomalies
beyond the first week during boreal summers.

The forecasting system operated at the Institute of
Atmospheric Sciences and Climate of the National Re-
search Council (CNR-ISAC) of Italy participates in the
S2S project producing a 41-member ensemble, 31-day
forecast on a weekly basis. Temperature and precipita-
tion forecasts are also routinely provided to the Italian
Civil Protection Agency. The reforecast dataset used to
calibrate the operational forecasts is not produced in

WEATHER AND FORECASTING

VOLUME 34

ensemble mode and does not allow for an assessment of
the probabilistic predictive skill of the system. On the
contrary, the ensemble forecasts are suitable for such
verification. A preliminary evaluation, limited to the 2-m
temperature, has recently been presented (Mastrangelo
and Malguzzi 2017). In this work, a collection of about
2 years of operational ensemble forecasts is used with
the aim of performing an overall evaluation of the CNR-
ISAC subseasonal forecasting system through determin-
istic and probabilistic diagnostics. As argued by Vitart
et al. (2012), the number of relevant purposes tackled by
forecast verification makes such activity a major goal of
the S2S project.

The modeling system and the strategy adopted to
produce the analyzed ensemble forecasts are described
in section 2. The main results obtained for each of the
verification methods are analyzed in section 3. A sum-
mary and a conclusive discussion are given in section 4.

2. Modeling system and data

The ensemble forecasts analyzed in this work are
obtained through the atmospheric general circulation
model GLOBO (Malguzzi et al. 2011). This model, de-
veloped at CNR-ISAC, has been used since the first,
experimental version of the subseasonal forecasting
system operated at the same institute (Mastrangelo et al.
2012). In this section, some features of the model set up
and forecasting system design are summarized.

The GLOBO model solves the atmospheric equations
on a regular grid with a horizontal spacing of 0.56° X
0.80° latitude/longitude and 54 vertical sigma-hybrid
levels. The soil moisture and temperature processes
are modeled on seven levels. A slab ocean model pa-
rameterizes the sea surface temperature (SST) evo-
lution taking into account the sum of turbulent and
radiative surface fluxes and relaxing the initial analyzed
anomaly to a prescribed climatological field [see Eq. (1)
of Mastrangelo et al. (2012)]. The sea ice cover is kept
constant if the initial analyzed anomaly is positive
(negative) during the growing (decaying) phase of the
sea ice cover climatological seasonal cycle. Otherwise,
the sea ice cover is relaxed to the climatological seasonal
cycle with a rate of 3% day . The climatological fields
used in both forecast and reforecast simulations (SST,
sea ice cover, deep-soil temperature, and water content)
are computed from the ECMWF ERA-Interim reanalyses
(Dee et al. 2011) as 5-day means over the 30-yr reference
period ending in 2010.

The forecasts verified in this work have been opera-
tionally produced on a weekly basis starting on 29 March
2015. Each forecast consists of an ensemble of
41 members obtained with a mixed lagged—perturbed
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initialization technique. The initialization data are ob-
tained by interpolating on the GLOBO grid the lead
time O of the National Centers for Environmental Pre-
diction (NCEP) Global Ensemble Forecast System
(GEFS; e.g., Zhou et al. 2017) forecasts, freely available
in real time. Specifically, up to the forecast issued on
15 January 2017, 10 perturbed members have been ini-
tialized every 6h (0000, 0600, 1200, 1800 UTC) on
Sunday by ingesting the GEFS fields for the same ini-
tialization hour; the control run has been initialized at
0000 UTC on Monday, which is therefore considered as
the lead time O of the ensemble forecast. The initiali-
zation day was shifted to Wednesday-Thursday starting
on 19 January 2017. This change was introduced to line
up with the submission day of most of the centers con-
tributing to the S2S database.

ERA-Interim provides the initial conditions for
reforecast simulations, obtained with the same GLOBO
version and set up used for forecast simulations.
Reforecasts cover the 1981-2010 period that constitutes
the reference climate used to compute calibrated fore-
cast anomalies and tercile thresholds. A single 31-day
reforecast run is initialized on the 73 calendar days
ranging from 1 January to 27 December every 5 days.
The whole reforecast dataset is therefore made up of
2190 simulations. To compensate for the lack of en-
semble members, several runs are combined through a
weighted average to estimate, for each meteorological
variable, a model climatology function of forecast ini-
tialization date, lead time, and position. Specifically, the
Gaussian weights W; = ¢~ (<"GI’ agsion greater impor-
tance to reforecasts initialized on the calendar days C;
closest to the forecast initialization date c. The half-width
A, which basically controls the number of reforecasts in-
volved in the average, has been set to A = 22 days for
all meteorological fields but total precipitation for which
A = 10. This weighting average technique efficiently ac-
complishes two goals: it defines a model climatology for
any forecast initialization day c and acts to filter out the
shorter-scale, unpredictable signal (Mastrangelo et al. 2012).
The resulting mean climatology is used to perform a bias-
reduction calibration of the ensemble forecast anomalies.

The weighted mean climatology described above can
be interpreted as the mean value of a mixture distribu-
tion (Wilks 2011), a composite probability distribution
function (PDF) where the ith component is made up of
the 30 reforecasts initialized on calendar day C;. The
weights W; are therefore the probabilities that the values
forming the mixture distribution come from each of the i
component distributions. The resulting PDF represents
the reference climatological distribution that provides
the tercile thresholds used to compute the forecast
probability of the associated dichotomous events.
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3. Forecast verification

A continuous series of 106 forecasts of 850-hPa tem-
perature (T850), 500-hPa geopotential height (Z500),
2-m temperature (T2m), and total accumulated precip-
itation are verified against the ERA-Interim on the
1.5° X 1.5° latitude/longitude grid used to store the
simulations in the S2S database. These parameters are
among the standard products of an extended-range
global numerical prediction system recommended for
verification by the World Meteorological Organization
(2017). T2m and precipitation forecasts are evaluated
only over land where reanalyses tend to be better thanks
to the higher number of available observations (Dee
et al. 2011).

To keep the verifying climate dataset as homogeneous
as possible with the modeled one, ERA-Interim data
have been collected for the same reforecast calendar
days and treated in the same way. The forecasts are
mainly evaluated as weekly averages computed from the
first day of the forecast range. The averaging on a weekly
basis, widely used in the S2S community, provides a
further filter to reduce the shorter-scale, noisy signal in
the atmospheric fields.

a. Nonprobabilistic scores

A first evaluation is performed through two
nonprobabilistic scores such as the anomaly correlation
coefficient (ACC) and the root-mean-square error
(RMSE). These scores have been traditionally adopted
for medium-range forecast verification and used since
the first extended-range forecast experiments (e.g.,
Déqué and Royer 1992). Being based on the ensemble
mean, ACC and RMSE do not account for the proba-
bilistic information of the forecast distribution.

The ACC s here defined according to its ‘‘uncentered”
version (Wilks 2011),

Y 1)

with the forecast f’ and verifying o’ anomalies computed
from the reforecast and reanalysis climatology, respec-
tively. Parameter f’ is therefore the calibrated forecast
anomaly. If the sums in Eq. (1) are performed over the
grid points of a given domain, then ACC measures the
correlation between the anomaly patterns on that domain.

The time series of ACC and RMSE of Z500, evaluated
on the two extratropical hemispheres, are shown in
Fig. 1. In terms of ACC most of the predictive skill is lost
between the second and third week, as clearly shown by
the mean values of the time series. In the two last fore-
cast weeks, the mean ACC is low, but some skillful cases

ACC
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FIG. 1. (a),(c) Anomaly correlation coefficient and (b),(d) RMSE of weekly means of Z500 averaged over the (top) Northern (>20°N)

and (bottom) Southern (<20°S) Hemisphere extratropics. The black time series in (b) and (d) represents the climatological RMSE (a four-
point moving average is applied to all time series). For each curve, time mean and 95% confidence intervals, computed with a 10 000
bootstrap resampling procedure, are reported at the bottom. The climatological forecast ACC values, obtained by persisting the reanalysis

anomaly of the week preceding the verifying week, are reported in parentheses.

are still observed. As already found with other subseasonal
modeling systems (e.g., Lin et al. 2016), the highest ACC is
obtained during the cold season of both the hemispheres.
This seasonal cycle seems more detectable on the North-
ern Hemisphere (NH) and up to the third forecast week.
The time-mean ACC values show a statistically significant
skill reduction between the third and fourth week, larger
in the Southern Hemisphere (SH). Figure 1a also suggests
that three main spells account for most of the fourth week
loss of skill in the NH.

The RMSE also shows a seasonal cycle more evident
in the NH: the error is higher during the cold season
following the climatological trend represented by the
black time series. Although not always statistically sig-
nificant, the mean RMSE of the NH is systematically
slightly lower than SH, consistent with the respective
climatological values. The RMSE for week 3 is compa-
rable to week 4 and, in turn, to climate, suggesting that
errors approach saturation from the third week. The
asymptotic behavior of the error growth in the extended

range indicates that the forecasting system is correctly
calibrated.

Figure 2 shows the same scores but for T850. This field
has been masked in areas with elevation greater than
1500 m. The masking reduces possible inconsistencies of
T850 caused by the different orography of the GLOBO
and ECMWF model, used to create ERA-Interim. The
predictive skill, evaluated as ACC, is systematically
lower than Z500 except for weeks 3 and 4 in the NH. The
less skillful forecasts are obtained in the SH, where some
negative values of ACC occur in week 4. On the same
hemisphere, the RMSE matches the climatological
value from the second week. The seasonal cycle is less
evident over the SH both in terms of ACC and RMSE.

The time-mean ACC values are, in all cases, higher
than the ACC of the climatological forecast, obtained by
persisting the reanalysis anomaly averaged over the
week ending the day before the forecast initialization
day. These results indicate that the model is overall
closer to the verifying anomalies than climatological
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FIG. 2. As in Fig. 1, but for T850.

forecasts. However, in practical terms, some useful in-
formation on the forecast pattern beyond week 2 is ob-
tained only in some cases.

To get the spatial distribution of the correlation be-
tween the anomaly patterns, a different score is com-
puted by performing the sums in Eq. (1) on the 106
forecast cases. Being summed over forecast initializa-
tion dates, this score is usually named the temporal
anomaly correlation. Figure 3 shows the temporal
anomaly correlation of weekly averaged Z500. Several
areas are affected by a continuous reduction of the
predictive skill. In particular, the low-skill regions over
the extratropical zones of the Pacific and SH oceans
reach the lowest values in week 4. A greater variability
of the skill pattern for weeks 1-3 is instead evident over
North Atlantic and Eurasian regions. For instance, the
high skill (0.7) obtained in the second week over Siberia
is mostly lost in the following forecast week. Over the
northern portion of the North Atlantic the skill is low
already in week 2 and decreases subsequently, suggesting
a relevant loss of predictive skill on the European side
of the Atlantic storm track region. Areas with rela-
tively high values in weeks 3 and 4 are evident over the
equatorial belt, as expected, northeastern Asia, Australia,

part of the southern Indian Ocean, and North America
mainly east of the Rocky Mountains.

The temporal anomaly correlation of weekly aver-
aged T850 is shown in Fig. 4. The areas with low values
appearing from week 2 partially match the Z500 maps
but, overall, the skill is lower. Some marginal skill in
weeks 3 and 4 is obtained again over North America and
northeastern Asia. Also, the western North Atlantic
shows a region of higher values emanating from the
tropical latitudes. The surface processes partially influ-
ence the predictive skill of this low-tropospheric field.
This is mainly evident in the tropical areas, in particular
over most of the tropical oceans with, for example, the
prominent signature of the El Nifio forcing over the east-
ern Pacific. In this context, the relatively low skill observed
over different oceanic areas and Western Africa even in
the first week indicate the occurrence of a mismatch with
the reanalyses not compensated for by calibration.

b. Probabilistic scores

In this section, the probabilistic predictive skill of
T2m and precipitation forecasts is assessed. These
meteorological parameters, closely related to everyday
human life, are at the basis of atmospheric events
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FIG. 3. Temporal anomaly correlation averaged on the 106 forecasts of Z500 weekly means.

relevant in subseasonal forecasting such as heat waves
(e.g., Hudson et al. 2016) or dry or wet spells (e.g., Wang
et al. 2017).

The evaluation is performed on the forecast proba-
bilities of the dichotomous events defined through the
identification of tercile thresholds as, for example,
above-normal (warm) events, with T2m in the upper
tercile, and below-normal (cold) events, with T2m in the
lower tercile. The threshold values are computed from
the reforecast distribution to take into account the
model systematic error, whereas the observed events are
referred to the tercile thresholds computed from the
reanalysis distribution—treated consistently with re-
forecasts as described in section 2. As a result, for each
of the four forecast weeks and grid points, a joint dis-
tribution of 106 forecast—observation pairs can be drawn
for both the warm and cold events.

1) TEMPERATURE AT 2M

A graphical representation giving the whole infor-
mation contained in the calibration-refinement factor-
ization of the joint distribution can be obtained through
the reliability diagram (Wilks 2011). Figure 5 shows the
reliability diagrams of the probabilities of weekly aver-
aged T2m computed over land points of the extratropical
NH for the above- and below-normal events. The

observed frequencies (y axis) define the calibration
distribution of the observations conditioned to the
forecast probabilities (x axis) that, in this work, have
been subdivided into five equivalent bins of 0.2. For a
perfectly reliable forecasting system, each observed
frequency would be equal to the conditional forecast
probability, and the resulting curve would lie along
the diagonal (dashed black line). A reliability curve
intercepting the diagonal with a shallower slope indi-
cates, in particular, a lack of resolution, which is the
capability to sort the range of observed frequencies for
different classes of forecast probabilities. The refine-
ment distribution given by the relative forecast frequency
of each probability bin is reported in the histograms of
Fig. 5. When the distribution populates the probabilities
classes and appreciably differs from the average values,
the forecasting system is said to be confident.

The four panels indicate a decrease of reliability with
the forecast lead time for both kinds of event, especially
from the third week. However, the most reliable forecast
probabilities keep close to the mean observed frequency
(marks on the left edge of the diagrams and associated
dotted lines) up to the fourth week. Indeed, the mean
forecast probability (marks on the bottom edge of the
diagrams) nearly matches the mean observed frequency
indicating that, overall, the forecasting system is not
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FIG. 4. As in Fig. 3, but for T850. Areas with GLOBO orography > 1500 m are shaded in gray.

biased and reliably predicts the observed mean fre-
quency, especially for the cold-event category. Note that,
for this category, the observed frequency differs from the
expected climatological value of 1/3, reflecting a climate
anomaly of the analyzed period with respect to the ref-
erence period (1981-2010). The histograms show a loss of
sharpness in the last two weeks, when the relative forecast
frequencies peak around the average observed frequen-
cies. This feature, which indicates a loss of confidence of
the forecasting system in the extended range, is also as-
sociated with a general reduction of resolution, as clearly
indicated by the slope of the reliability curves that get
closer to the respective no-resolution lines. Nonethe-
less, both in terms of reliability and resolution, the pre-
dictive skill is marginally greater than what obtained by
persisting the probabilities of the previous forecast week
(dashed curves). Although, as visually evident in Figs. 5c
and 5d, the calibration curves are below the zero-skill line
(by definition, the line bisecting the sector between the
perfect reliability and no-resolution lines; Hsu and Murphy
1986), this persistence test indicates that the modeling
system is capable of producing a slightly improved prob-
abilistic forecast up to the last week.

As already stated, in Figs. Sb—d the refinement dis-
tributions of cold events indicate low confidence:
the lowest bin (0.0-0.2 forecast probability) includes

the mean forecast probability and accounts for most
of the forecasts. Also, very few forecasts fall in the
higher probability bins, making the corresponding por-
tion of the reliability curves rather unstable. Therefore,
most of the information crucial for the verification of the
cold-event category is compressed in the lowest proba-
bility bin.

To cope with this drawback, an adaptive binning
based on forecast frequency rather than forecast prob-
ability is adopted (as suggested by Brocker and Smith
2007). For each week and grid point, the 106 forecasts
are sorted and distributed in five equally populated bins
(the last bin includes 22 forecasts instead of 21), and the
conditional observed frequencies are recomputed ac-
cordingly. The mean forecast probabilities of each bin
constitute the abscissa values in the resulting reliability
diagram. Figure 6 shows the results for weeks 3 and 4
and must be compared with Figs. 5c and 5d. The clus-
tering underlying the new reliability evaluation high-
lights enhanced resolution for very low forecast
probabilities, indicating that the forecast of cold events
is slightly more confident than what is suggested by the
histograms in Fig. 5. The loss of confidence, typically
observed in the extended range, could be partially cor-
rected through a logistic regression technique, as shown
by Ferrone et al. (2017) in a recent work on a multimodel
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blue color to below-normal (cold) events. The histograms of the relative forecast probability frequencies are shown as insets in the top-left
(warm events) and bottom-right (cold events) corner of each panel. The dashed curves in (b)—(d) are obtained by persisting the proba-
bilities for the previous week of the same forecast. Marks on the left and bottom edges indicate the mean observed frequency and forecast
frequency, respectively. The dotted lines starting from the mean observed frequency marks (y axis) are drawn from both axes to indicate

the no-resolution boundaries.

ensemble involving the CNR-ISAC and ECMWF fore-

casting systems.

The new clustering has a small impact on the reli-
ability curve of warm-event prediction due to the
greater confidence of its refinement distribution (Fig. 5),

which implies significant occupation of all probability

bins. As a final consideration, showing the actual

populated bins.

range of forecast probabilities, this technique avoids
instability problems in the statistical evaluation of low
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FIG. 6. As in Figs. 5c and 5d, but the curves are computed using equally populated bins.

The resolution of forecast distributions is also related
to the discrimination attribute of a forecasting system,
which is the ability to correctly forecast different prob-
abilities for the different occurrences of a selected event.
Some aspects of this forecast property are graphically
evaluated through the relative operating characteristic
(ROC) diagram (Wilks 2011), shown here for T2m
forecasts. In this diagram, the forecast outcomes con-
ditioned to the occurrence and nonoccurrence of the
event are expressed as a hit rate (y axis) and false alarm
rate (x axis), respectively. These quantities are com-
puted by making the forecast distribution dichotomous
through probability thresholds and then the obtained
values are merged to draw the ROC curves. A fore-
casting system producing random probabilities would
yield an equal rate of hits and false alarms, with the
ROC curve lying along the diagonal. Therefore, a
forecasting system is more skillful when the ROC curve
lies closer to the upper-left corner of the diagram, where
the hit rate is maximized and false alarm rate is mini-
mized. The ROC score is the area under the curve and
is typically used as a quantitative measure of the fore-
casting skill (Mason and Graham 2002). In this work, the
ROC score is computed by summing the area of the
trapezoids forming the curve, and the value is normal-
ized so that it ranges from 0, the forecasting skill
equivalent to random forecasts, to 1, perfectly discrim-
inating forecasts.

Figure 7 shows the ROC diagrams for the same
forecast events of Fig. 5. In both panels, the loss of the
forecast skill mainly occurs by the third week, for which
the area under the curve is only slightly greater than the

fourth week. Similar to the results of Fig. 5, the ROC
scores for weeks 2—4 are systematically greater than
those obtained by persisting the probabilities of the
previous forecast week (values are reported at the bot-
tom of each panel of Fig. 7). The smallest ROC score
difference between persistence and actual forecasts,
obtained on week 4, has a level of significance of about
93%, according to a Wilcoxon-Mann—-Whitney test
(Wilks 2011). To apply this test, it has been taken into
account that tercile forecast probabilities are not spa-
tially decorrelated. For each grid point, the number of
correlated points N, has been estimated by averaging
the one-point correlation matrix. Then, 1/N, are used as
weights to sum over all extratropical NH land grid points
to obtain the number of independent data.

Although ROC scores are similar for the four weeks,
cold-event curves are bounded to the left portion of the
diagram and, mainly in the first two weeks, are more
aligned toward the y axis: the latter feature indicates that
the modeling system better discriminates among the
occurrence and nonoccurrence of below-normal events.
However, in particular for the last two weeks, most of
the discrimination capability is quickly lost as the
probability threshold increases. For above-normal
events, ROC curves are more symmetric around the
negative diagonal, a feature that, as argued by Marzban
(2004), is associated with a similar dispersion of the
(likelihood) distributions from which false alarm and hit
rates are derived. These two quantities have a similar,
gradual decrease, and a slightly improved discrimination
is obtained for intermediate probability thresholds.
In conclusion, the forecasting system shows some
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F1G. 7. ROC diagrams computed from 106 weekly averaged
forecasts of 2-m temperature over land points of the extratropical
Northern Hemisphere, for (a) below-normal and (b) above-normal
events. The area under the curve for each forecast week is reported
at the bottom of each panel; the same value obtained by persisting
the probabilities for the previous week of the same forecast is
reported in parentheses for weeks 2—4.

difference in discriminating between the occurrence and
nonoccurrence of below- and above-normal events. In
particular, the ROC curves indicate that there is a
slightly better discrimination in forecasting cold-event
cases, mainly for low predicted probabilities. This aspect
is associated with the increased resolution visible in
Fig. 6 for very low forecast probabilities.
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2) PRECIPITATION

The categorical skill of weekly averaged forecasts of
above- and below-normal total accumulated precipita-
tion, computed over the land points of the extratropical
NH, is analyzed through the reliability diagrams shown
in Fig. 8. Similarly to T2m, for both below- and above-
normal cases the mean forecast probability is reliably
predicted, being very close to the respective mean ob-
served frequency. However, both in terms of reliability
and resolution, the predictive skill for the last two weeks
is not systematically better than what is obtained by
persisting the probabilities of the previous week. Dif-
ferent from T2m, for the whole forecasting range, the
modeling system shows similar reliability and resolution
properties between the two kinds of events. The excess
of false alarms occurring for mid to high probabilities
affects the first two weeks, whereas the loss of resolution
is the main feature in the last two weeks for the same
portion of the curves. Some residual resolution is instead
suggested in the lower probability range for below-
normal events up to week 4.

The similarity between the predictions of below- and
above-normal cases is also evident in the histograms. In
particular, in the last two weeks, the refinement distri-
butions are poorly populated in the high-probability
bins and narrow around the respective mean observed
frequencies. A reliability diagram based on the adaptive
frequency binning, as adopted for T2m, is shown in Fig. 9
and compared with Fig. 8d. This diagram confirms that
the two distributions are very similar. The adaptive
frequency binning shows a general lack of resolution
also for the lowest probabilities of both categories, dif-
ferent from what is suggested by Fig. 8d. In conclusion,
the loss of resolution affecting precipitation prediction
is more severe than for T2m and involves the whole
forecast probability range.

4. Summary and conclusions

The CNR-ISAC subseasonal forecasting system rou-
tinely provides outputs to the database of the WWRP/
WCRP Subseasonal-to-Seasonal (S2S) project. Real-time
ensemble forecasts, made up of 41 members, are calibrated
through a combination of single-member reforecasts cov-
ering the 1981-2010 reference period. In this work, the first
two years of forecasts issued on a weekly basis since April
2015 have been verified against ERA-Interim. The evalu-
ation is based on week averages starting from the first
forecast day and is performed both in a nonprobabilistic
and probabilistic framework.

The 500-hPa geopotential height (Z500; Fig. 1) and
850-hPa temperature (T850; Fig. 2) anomalies are evalu-
ated through the anomaly correlation coefficient (ACC)
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FIG. 8. As in Fig. 5, but for total accumulated precipitation.

and the root-mean-square error (RMSE) to get an over-
view of the model predictive performance on the global
domain. Although the 2-yr areal means of ACC roughly
halve between weeks 2 and 3, enhanced predictive skill is
observed over both extratropical hemispheres during the
cold months, when favorable ACC values are occasion-
ally recorded beyond week 2. The seasonal modulation is
more evident for Z500 in the extratropical NH. Similar
results are obtained in terms of RMSE, which saturates
toward the climatological value between weeks 2 and 3.

The temporal anomaly correlation maps (Figs. 3, 4)
show the loss of predictive skill beyond week 2 over
most of the extratropical regions and, in particular, over
northwestern Europe. However, some areas with en-
hanced predictability are still detected. The forecast skill
over the equatorial belt is higher, as expected, and T850
maps show the signature of the prominent ENSO event
that started in late 2015 (e.g., Xue and Kumar 2017
L’Heureux et al. 2017). The possible, positive feedback
of ENSO on the extended-range predictive skill of the
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FIG. 9. As in Fig. 8d, but the curves are computed using equally
populated bins.

northern extratropics’ T850 is also detectable in the
ACC time series shown in Fig. 2a.

Reliability diagrams are used to evaluate the proba-
bilistic forecast skill of tercile-based categorical events
of 2-m temperature (T2m) and total accumulated pre-
cipitation computed over the land grid points of the
extratropical NH. A decrease of reliability and resolu-
tion is more evident from the third week and affects the
forecast of both above- and below-normal cases. In the
extended range, the forecast distributions lose sharp-
ness, but the mean forecast probabilities are still close to
the mean observed frequencies, in particular for the below-
normal category. This appears to be a minimal but still
positive result in terms of reliability of the modeling system.

The mean observed frequencies reveal that the 2-yr
period here analyzed was characterized by greater
(lower) frequency of warm (cold) events than the cli-
matological frequency. The combination of the low
value of the observed frequency of the below-normal
category, together with the adopted binning interval
(0.2), hinders most of the information contained in
the reliability curves of cold events. To overcome this
issue, a reliability diagram created with equally popu-
lated bins of forecast probabilities has been adopted for
weeks 3 and 4 (Fig. 6). This diagram reveals some re-
sidual resolution for very low forecast probabilities and
turns out to be a useful tool to improve the reliability
analysis in the case of low confident forecasts.

To evaluate these results in terms of discrimination
capability, ROC diagrams have been computed for the

WEATHER AND FORECASTING

VOLUME 34

same quantities (Fig. 7). ROC scores suggest a very
similar performance of the modeling system for both the
kind of events and along the whole forecasting range.
However, the slope of the ROC curves indicates that the
modeling system discriminates between occurrence and
nonoccurrence of below-normal cases better than
above-normal cases, with the discrimination capability
being greater for very low forecast probabilities. Even if
less markedly so, this property still occurs in forecast
weeks 3 and 4, consistent with the residual resolution
identified in the reliability diagram of Fig. 6. The mar-
ginal probabilistic skill up to the last forecast week has
also been suggested by the comparison of reliability and
ROC curves obtained by persisting the probabilities of
the previous forecast week.

Reliability diagrams for total accumulated precipitation
(Fig. 8) show that, different from T2m, the performance of
the forecasting system is similar for the two categorical
events. In the extended range, a drop in the forecast skill
occurs, with a loss of resolution and confidence. As for
T2m, the mean forecast probabilities of the two kinds of
events are very close to the respective mean observed
frequencies. However, in the last two forecast weeks the
predictive skill is not systematically better than persistence.

For the probabilistic verification of precipitation and
2-m temperature, ERA-Interim fields have been used
as a proxy of observations. Especially for 2-m temper-
ature, this can raise some concerns since this field may
depend more on the soil scheme of the underlying model
rather than on observations. Furthermore, observations
are subject to uncertainties that affect the analyses
themselves. For instance, long-lasting errors in the ob-
served low-level air temperature can result in inconsis-
tencies with the analysis of sea surface temperature, thus
producing poor ACC even for week 1, as evident in
Fig. 4 for T850. This issue is more relevant for temper-
ature at 2m, for which negative ACC has been detected
in week 1 over some areas of the tropical Pacific Ocean
(not shown). Similar considerations apply to the accu-
mulated precipitation analysis.

A longer dataset must be used to broaden the results
presented in this work. For instance, as argued by Li and
Robertson (2015), the analysis of more years featuring
ENSO events could highlight how ENSO’s interaction
with MJO phases enhances the precipitation predict-
ability in some regions. This is one of the purposes that
can be accomplished through the new 30-yr reforecast
dataset made up of five ensemble members, recently
made available on the S2S database.
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