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ABSTRACT
A dynamical model is used as a simple GCM to perform historical forecasts for rainfall in northeastern Brazil for the years 
1982–2020. The model is forced by empirically derived source terms and includes basic parameterisations to simulate vertical dif-
fusion, convection and condensation. Ensemble forecasts with 38 members are initiated on 1st January using persisted tropical 
sea surface temperature anomalies (SSTAs). Rainfall forecast performance is evaluated for the February–April (FMA) rainy sea-
son. The model reproduces the climatological precipitation in the specified Nordeste region with a mainly dry bias as the model 
rainfall maximum is displaced in the the northwest. Hindcasts for interannual rainfall anomalies correlate with observed values 
(r = 0.46) and model variance is weaker than observed. A further set of forecast experiments with SSTAs restricted to the three 
major ocean basins reveals that most of the forecast skill can be attributed to the Pacific, despite the model's greater sensitivity 
to Atlantic SSTAs. The sum of results from the three ocean basins is close to the full hindcast result. Finally, a set of 128 forecast 
runs with idealised SSTAs placed regularly within the tropics is carried out to calibrate the response of modelled rainfall to re-
mote influences. An influence function is diagnosed in the form of a tropical distribution of northeastern Brazil rainfall in mm/
day per unit SSTA. It is strongly concentrated in the tropical Atlantic, with dry/wet conditions resulting from positive SSTAs in 
the northern/southern tropical Atlantic, in keeping with the observed covariance. The influence function is the used to construct 
a linear approximation to the forecast performance of the simple GCM. It has similar skill but stronger variance, and the skill is 
partitioned differently between Atlantic and Pacific influences.

1   |   Introduction

Signals propagate though the atmosphere on a global scale 
within a few days. For this reason, physically based seasonal 
prediction of regional continental rainfall must involve the 
global atmosphere. But atmospheric dynamics is intrinsically 
unpredictable beyond a couple of weeks. So successful predic-
tion past this limit relies on predictable elements of the system 
that are able influence the global atmosphere on longer time 
scales. This is the vision of extended predictability described by 
Hoskins (2013) and Robertson and Vitart (2018). The potentially 

predictable components that can contribute to subseasonal to 
seasonal (S2S) variations of rainfall over the Nordeste region of 
Brazil are in increasing order of timescale: the Madden-Julian 
Oscillation (MJO, Vasconcelos Junior et  al.  2021); continen-
tal soil moisture (Dirmeyer and Halder  2017) and global Sea 
Surface Temperatures (SSTs).

Moron and Robertson (2020) show that SST anomalies (SSTAs) 
present a source of S2S potential predictability for tropical rain-
fall. Predictability is better over the tropical oceans than over 
the continent, as large-scale convective rainfall prevails over 
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the oceans and SSTs evolve slowly, whereas the scale of conti-
nental rainfall anomalies tends to be smaller and they respond 
to a range of influences (Uvo et  al.  1998; Folland et  al.  2001; 
Misra 2006; Doblas-Reyes et al. 2013). Predictability improves 
when teleconnections between oceanic SSTA responses are well 
simulated (Scaife et al. 2019), and such teleconnections may in 
turn augment continental predictability. A global simulation is 
therefore necessary if one seeks to make physically based fore-
casts that depend on the link between SSTAs and continental 
rainfall.

Improved observational data and advances in our understand-
ing of climate processes, modelling techniques and computing 
power have driven significant evolution in seasonal forecasting 
systems over the last few decades. Improvements have also come 
from combining global climate models and calibrating their 
results to build systems focused on applications such as water 
resources, agriculture and power planning (Eade et  al.  2014; 
Shukla et  al.  2014; Tompkins et  al.  2017; Basso and Liu  2019; 
Delgado et al. 2018; Pilz et al. 2019). In 1999, the International 
Climate Institute from Columbia University developed first 
Seasonal Climate Forecast System with three models and differ-
ent SST boundary conditions (Mason et al. 1999), and in 2006, 
the World Meteorological Organisation (WMO) initiated a col-
laborative multi-model system involving several global centres 
for long-range forecasts, with standard sets of forecasts prod-
ucts and a WMO-defined verification process for retrospective 
forecasts. In 2011, the North American Multi-Model Ensemble 
(NMME) was launched involving collaboration between sev-
eral institutes in the US and Canada to produce an operational 
prediction system focused on decision support for a wide range 
of users who rely on climate information (Kirtman et al. 2014). 
The European initiative from the Copernicus Climate Change 
Service, implemented by the ECMWF, started a Multi-System 
Forecasts in 2018, which comprises operational model results 
from Météo-France, the German Weather Service, the Euro-
Mediterranean Center on Climate Change, the UK Met Office, 
the ECWMF and NCEP.

Progress has also been made by allowing the boundary con-
ditions to evolve during the forecast. For example, various ap-
proaches to ENSO prediction (Ropelewski and Halpert  1987; 
Barnett and Preisendorfer 1987; Barnston et al. 2003) have ben-
efited forecasts in extratropical Pacific North America (Barnett 
et  al.  1993), and seasonal rainfall predictability in the tropics 
(Ward and Folland  1991; Hastenrath  2012). Further progress 
in physically based forecasts is documented by Balmaseda, 
Anderson, and Davey (1994). Important developments fol-
lowed the implementation of coupled ocean–atmosphere 
models and ensemble techniques, enabling a probabilistic ap-
proach, quantifying uncertainties and improving the forecast 
reliability (Barnston et al. 2003; Hagedorn, Doblas-Reyes, and 
Palmer 2005; Doblas-Reyes et al. 2013; Li et al. 2009; Kirtman 
and Pirani 2009). These advances have enabled the development 
of more sophisticated and reliable climate models, facilitating 
more accurate and useful seasonal forecasting for a variety of 
sectors.

At FUNCEME in the state of Céara, seasonal forecasts are is-
sued at the beginning of January for the February–April (FMA) 
Nordeste rainy season using the ECHAM General Circulation 

Model version 4 (T42 horizontal resolution, 19 vertical lev-
els, Roeckner et al. 1996; Stevens et al. 2013), which has been 
in use since 2011 (Canamary, Reis Jr, and Martins  2015) and 
more recently it was offline coupled to a hydrological model to 
evaluate water allocation process in a semiarid region (Pereira 
et al. 2023). Interannual variability of Nordeste rainfall is excep-
tionally strong and the region has seen a sequence of droughts 
and extreme precipitation from 1 year to the next, with severe 
consequences for agriculture, water resources and power gen-
eration. Seasonal rainfall forecasts are therefore of great impor-
tance for the region. Current forecasts of the FMA season with a 
lead time of 1 month depend on the notion that persisted SSTAs 
can furnish the required predictability. There is a long history in 
the literature of linking SSTAs with Nordeste rainfall variabil-
ity. El Niño and Tropical Atlantic variability are known drivers 
(see e.g., Cai et al. 2020; Coelho et al. 2021; Hastenrath 2012). 
It should be noted, however, that the use of persisted SSTAs 
may be of limited general applicability. Situations where long-
lived SSTA patterns such as El Niño have a dominant impact 
on forecasts, particularly for the southern summer rainy season, 
are likely to represent a best-case scenario for forecast skill with 
persisted SSTAs.

The modelling study presented in this article can in no way 
compete with the resources and institutional collaborations de-
scribed earlier. We present a set of forecasts with an idealised 
model in a simplified experimental framework. This provides 
a complement to the activity of national and international pre-
diction centres, for more academic questions which would po-
tentially entail prohibitive costs if they were to be investigated 
with a fully specified GCM. If successful, such a stripped-down 
forecast system might also be useful for institutions that have 
limited computer resources. The simple GCM used in this 
study is a global dynamical model called Dynamical Research 
Empirical Atmospheric Model (DREAM, Hall, Leroux, and 
Ambrizzi 2019; Hall and Leroux 2023). It is driven by an em-
pirically derived, seasonally varying source term that is added 
to the primitive equations. This source term is derived from a 
reanalysis climatology, and by forcing the model this way many 
of the expensive physical parameterisations that are included in 
fully specified GCMs can be bypassed. The only processes that 
are parameterised are the ones that are essential to complete 
the chain of causality from an SSTA to continental rainfall. It 
should be noted that even though the source terms that drive the 
model are derived from data, DREAM is a physical model and 
the forecasts present in this article are physically based. There is 
no statistical element to these forecasts.

In the companion to this article (Hounsou-Gbo et al. 2024, here-
after part 1) we describe these canonical SSTA modes and show 
how they impact continental rainfall in a simple GCM. Our 
simulations reproduce the known associations between SSTA 
patterns and Nordeste rainfall reasonably well. In this article 
we consider whether these promising responses to canonical 
SSTA patterns can translate into seasonal forecast skill when 
the model is driven by observed SSTAs.

The version of DREAM used in part 1, and in this study, includes 
a moisture variable, a simple vertical diffusion scheme and 
basic representations of convective and large-scale condensa-
tion. Even when these physical schemes are included, DREAM 
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runs an order of magnitude faster than ECHAM on the same 
computer system. This makes it an attractive proposition for a 
flexible forecast system, with which a large number of test simu-
lations can be carried out. The comparison with the state of the 
art is even more favourable given the relatively low resolution 
used for both DREAM and ECHAM. The purpose of this study 
is to evaluate the performance of DREAM for the FMA Nordeste 
rainy season, over the period 1982–2020.

In section  2 we provide a description of DREAM, the data-
sets used and the implementation of the historical forecasts. 
Section 3 contains the results including a model validation for 
global climatological rainfall and the interannual statistics for 
observed and forecast Nordeste rainfall. Section 4 contains some 
further results in which we try to attribute forecast performance 
to Pacific, Atlantic and Indian Ocean SSTAs. In section  5 we 
present an extensive study of the response of the model, in fore-
cast mode, to a regular grid of idealised SSTAs, culminating in 
an influence function for Nordeste FMA forecast rainfall. This 
influence function is compared with observed regression statis-
tics, and it is then used to construct a linear model of the forecast 
performance of DREAM. The results are discussed in section 6.

2   |   Model, Data and Experimental Design

In this section we give a brief recap of the essential aspects of 
DREAM relevant to this study, as a more extended description 
of DREAM is given in part 1. DREAM originates from the global 
spectral primitive equation model of Hoskins  and Simmons 
(1975) which was first adapted by Hall (2000) to run as a simple 
GCM, replacing most of the physical parameterisations found 
in a fully specified GCM with a fixed empirical forcing term de-
rived from a reanalysis dataset.

This empirical forcing is calculated by initialising an unforced 
dynamical model with a large set of initial conditions and tak-
ing the negative mean of all the initial tendencies. This provides 
a spatially varying time-independent multivariate field, to be 
used as a set of source terms for the primitive equations. These 
source terms act to counter the mean initial tendency that the 
unforced model would have, resulting in a dynamical model 
that can be run as a GCM. It develops a realistic mean state and 
temporal variability, allowing it to be used for dynamical sen-
sitivity studies in the context of real-world climate or forecast 
simulations. The initial conditions used to calculate the empir-
ical forcing are taken from 38 years of ERA-interim reanalysis 
(Simmons 2006) from 1979 to 2016. The version of DREAM used 
in this article has an annual cycle in the forcing (Hall, Leroux, 
and Ambrizzi 2019) and is thus capable of simulating the chang-
ing seasons throughout a seasonal forecast. The empirical forc-
ing applied to DREAM represents sources that are treated as 
independent of the model state. Dissipative terms and further 
parameterisations that depend on the model state are included 
in the model. These include linear vertical diffusion and scale 
selective horizontal diffusion on 3-d state variables, with some 
additional damping to represent radiative cooling.

A basic representation of moist thermodynamics has been 
added, necessary to simulate rainfall. This includes a deep con-
vection scheme that uses vertically integrated moisture flux 

convergence to provide both a triggering criterion and a precip-
itation rate within specified limits. There is a pro-rata depletion 
of the specific humidity in the column and the associated dia-
batic heating is distributed into a deep convective profile. The 
model has a large-scale, in situ condensation scheme to remove 
remaining supersaturation. In this study DREAM is run at T31 
horizontal resolution with 15 vertical levels. Further details of 
these parameterisations are given in Part 1 and a complete guide 
to how DREAM works and how to use it is provided by Hall and 
Leroux (2023).

The empirical forcing technique was first used by Roads (1987) 
to assess mid-latitude predictability using an ensemble of predic-
tions in a quasi-geostrophic model. Since that pioneering study, 
DREAM and its predecessors have been used several times for 
ensemble predictability studies (Hall, Lin, and Derome  2001; 
Derome, Lin, and Brunet 2005; Tang, Lin, and Moore 2008) and 
numerous times for more idealised ensemble studies like the 
one presented in part 1. In this article, and in part 1, DREAM is 
used for the first time with moist thermodynamics. This is also 
the first time that the object of study is a tropical phenomenon. 
Finally, it is the first time this dynamical model has been forced 
from the surface by SST anomalies, rather than merely per-
turbed by an idealised heating distribution imposed throughout 
the depth of the troposphere.

Boundary fluxes of heat and humidity are calculated using both 
the climatological SST and the departure from the climatology, 
in this case a persisted January SSTA. The SST data we use for 
these forecasts is from the NOAA/Reynolds dataset (Reynolds 
et  al.  2002) for monthly-mean climatology (1971–2000) and 
weekly-mean SSTs starting in 1982. The persisted SSTA is cal-
culated as the difference between the current week's SST at 00Z 
on 1 January for each forecast year and the December–February 
(DJF) mean SST climatology.

Ensemble forecasts are carried out with DREAM using the same 
initialisation and timing as in part 1. All 38 of the 00Z 1 Jan 
states are used as initial conditions for ensemble members and 
the model is run from 1 Jan to the end of April, using the FMA 
season for diagnostics. Thirty-nine forecasts are made with 
SSTAs from 1982 to 2020. The only distinction between fore-
casts for different years is the persisted 1 Jan SSTA.

An additional analysis arises from the consideration of data 
from the NMME models (Kirtman et al. 2014); in this context, 
we take the ensemble mean of the retrospective forecasts ini-
tialised in January for the years between 1982 and 2020.

FMA rainfall is averaged over a designated area in Northeast 
Brazil from 0° S to 12.5° S and 37.5° W to 52° W. Model forecasts 
are compared with observational data taken from the NOAA/
GPCP dataset (Adler et  al. 2003). The comparison is made in 
terms of rainfall anomalies. The model rainfall anomaly is de-
fined as the difference between a given year's FMA mean rain-
fall and the mean over all 39 forecasts. Note that this is different 
from just using a control experiment as in part 1, because the 
aggregate effect of all the different SSTAs will not add up to zero, 
even if the SSTAs do. As explained in part 1, the humidity flux 
arising from an SSTA is a nonlinear function of both the SSTA 
and the climatological SST, and the dynamical response of the 
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atmosphere is also nonlinear. It is also unlikely that the SSTAs 
will cancel exactly given the mismatch between the climatology 
and the forecast period, and any associated bias needs to be elim-
inated from the diagnosis.

In section 4 we evaluate the contributions of the Pacific, Atlantic 
and Indian Oceans to forecasts of Nordeste rainfall. The entire 
suite of ensemble forecasts is repeated using SSTAs restricted to 
individual ocean basins and disabling the effect of the SSTA else-
where. This is possible without introducing extraneous bias be-
cause the control climate for DREAM does not depend on any SST 
data. The climatological effect of the sea surface is implicit in the 
empirical forcing. These restricted ocean basin forecasts are again 
evaluated relative to their mean over the 39 years of forecasts. In 
section 5 we further explore the sensitivity of the region to SSTs 
at all locations in the tropical band using a large array of artificial 
SSTAs in a set of experiments similar to those presented in part 1. 
Because these experiments use idealised SSTAs, the anomaly re-
sponse is evaluated relative to a control run, as in part 1. Details of 
these artificial SSTAs, and how their influence can help simulate 
the forecast skill of the model are given in section 5.

3   |   Model Validation and Seasonal Forecasts

Before looking at individual seasonal forecasts we first discuss 
the average behaviour of the forecast system across 39 years of 
January–May integrations with 38 different 1-Jan initial con-
ditions defining the ensemble. Figure  1a shows the long-term 

mean FMA GPCP merged rainfall product we use as a reference. 
In part 1, this was compared with a 38-member FMA-mean en-
semble mean from a control integration of DREAM, with no in-
fluence from SST anomalies (Figure 1b). In this article, we add 
the FMA-mean ensemble-mean forecast product, averaged over 
all 39 forecasts (Figure 1c,d).

The DREAM precipitation simulations reproduce the main fea-
tures of the global observations, including the ITCZ and south-
ern convergence zones. Tropical rainfall in DREAM is generally 
weaker than the observed rainfall and there are some differences 
in the placements of rainfall maxima. For example, the Atlantic 
ITCZ is too far south and the maximum over South America is 
too far north. The red rectangle on the figures denotes our refer-
ence area for Nordeste rainfall. Mean rainfall in this area will be 
used for forecast diagnostics in the rest of the article.

Comparing the control run with the forecast mean, they are al-
most identical, but there is a very slight drying in the forecasts 
on the eastern side of South America, consistent with our expec-
tation from part 1 about the systematic effects of nonlinearity. 
The model bias is globally dry, but there is a complex distribu-
tion in the reference area owing to the misplaced continental 
rainfall maximum, and a weak secondary maximum to the 
southeast. The model systematic errors are generally within the 
bounds expected from a GCM.

Seasonal forecasts for each year from 1982 to 2020 will be ex-
pressed as departures from the forecast mean precipitation in 

FIGURE 1    |    FMA mean rainfall in mm/day for (a) GPCP climatology, (b) DREAM control ensemble mean, (c) DREAM forecast mean for the pe-
riod 1982–2020, (d) DREAM systematic error (forecast mean minus GPCP). [Colour figure can be viewed at wileyonlinelibrary.com]
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the reference area due to tropical SSTAs. Figure  2 shows box 
plots depicting the ensemble forecast for each year compared to 
the GPCP mean value. For each ensemble the box covers the in-
terquartile range from the 25th to the 75th percentile and there 
is a bar inside the box at the median value. Bars outside the box 
then show maximum and minimum values that occur < 1.5× 
the interquartile range outside the box, and outliers outside this 
range are marked with diamonds. A solid line joins the ensem-
ble means marked by small open circles.

We can immediately see that the model has some interannual 
variability, but it is not as strong as in the observations. This 
is possibly due to the idealised nature of the model and exper-
iments, in which the only source of interannual variation in 
the forcing is the tropical SSTAs. The spread of the ensemble 
each year is smaller than the interannual variability, although 
not by a large factor. This encourages us to believe that the 
SSTAs have a systematic influence on the model and that the 
ensemble mean might provide a useful forecast product. The 
spread of the ensembles is also quite variable in its own right, 
although there is no indication that narrower spreads align 
with better forecasts.

The key question now is how well does the ensemble mean do 
over the 39 years. Statistical information about the variability in 
ensemble mean forecast anomalies is summarised in a Taylor di-
agram in Figure 3, using GPCP as the reference. DREAM (black 
circle) and ECHAM (black square) are seen to have similar cor-
relation coefficients (0.46 and 0.55, respectively) and similar 

RMS error, but as mentioned earlier, DREAM has weaker vari-
ability. NMME showed the best correlation among the results 
with a value of 0.72, however it showed a standard deviation 
value that was further away from the observation when com-
pared with the ECHAM result. This can be explained by the 
fact that the NMME data is the average of the ensemble of mod-
els, which adds value to the skill and reduces variability. The 
DREAM correlation can be compared with a measure of the best 
that can be expected from the model, that is, how good is the 
model ensemble mean at predicting an given deterministic fore-
cast? The interannual correlation between the ensemble mean 
and individual ensemble members ranges from 0.808 to 0.931. 
This puts the model ensemble mean forecast correlation of 0.46 
in perspective, but also clearly indicates that there is much room 
for improvement.

A practical test of the forecast utility is its ability to predict wet 
and dry years. Table 1 gives contingencies based on terciles of 
wet, normal and dry events. Over the 39 years there are 13 in 
each category, so a perfect set of forecasts would place 13 s on the 
leading diagonal of the table and zeros elsewhere. DREAM is far 
from this ideal, but a brief perusal of Table 1 at least confirms 
that the model gets wet and dry years right at least twice as often 
as it gets them wrong.

Table 1 can be used to generate a wide variety of skill scores. 
If the analysis is limited to wet and dry years, the mean of the 
two resulting F1 scores for DREAM is 0.687 and for ECHAM 
it is 0.833. So in general the forecast performance of DREAM 

FIGURE 2    |    FMA rainfall anomaly box plots for DREAM ensemble forecasts compared to GPCP anomalies. [Colour figure can be viewed at 
wileyonlinelibrary.com]
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could be described as respectable but it falls short of the fully 
specified GCM.

A more exacting test for the model (Van den Dool and Toth 1991) 
is obtained when we consider all three classes: wet, normal 
and dry. Respectively for each of these classes, the F1 scores 
for DREAM are 0.38, 0.23 and 0.46. The corresponding scores 
for ECHAM are 0.53, 0.38 and 0.61. We naturally expect lower 
scores in a three-category system, but it appears that although 
DREAM does a reasonable job differentiating wet from dry, it 
has much more difficulty identifying years where the rainfall is 
outside the middle tercile. The ECHAM model also presents its 
weakest skill in identifying normal years, but it has a more con-
sistent performance than DREAM. These scores are in line with 
what we would expect from a direct examination of the contin-
gency matrix shown in Table 1.

Since our focus in this article is not on presenting a forecast 
product, but on testing and understanding it, we will not dwell 
any further on performance statistics, but proceed to some 
diagnostics to investigate the physical basis of this forecast 
performance.

4   |   Attribution of Forecast Performance to 
Different Ocean Basins

In part 1 we examined the separate and combined influences of 
fixed SSTA patterns in the Pacific and the Atlantic. The broad 
conclusion was that their influence in Nordeste rainfall is addi-
tive and that the larger SSTAs in the Pacific lead to a predom-
inant Pacific signal. Do these conclusions carry through to an 
assessment of forecast performance? To answer this question 
the entire suite of hindcasts was rerun three times, retaining 
only the SSTAs from the Pacific, Atlantic and Indian Oceans in 
turn. The results are shown in Figure  4 as the difference be-
tween the yearly ensemble mean and the forecast mean. The 
forecast mean was evaluated separately for each experiment to 
make sure that the anomaly arises only from SSTAs, and not 
from any systematic difference between an experiment forced 
from a single ocean basin and an experiment forced from the 
entire tropics.

The Pacific Ocean timeseries looks quite similar to the main 
forecast and correlates almost as well at r = 0.43. It is, however 
lacking in variability, indicating that although the Pacific is 

FIGURE 3    |    Taylor diagram for interannual variability of FMA forecast ensemble means (DREAM, ECHAM and NMME) and linear calculations, 
referenced to GPCP anomalies. Correlation is angular distance, standard deviation is radial distance, RMSE is direct distance (grey circles). [Colour 
figure can be viewed at wileyonlinelibrary.com]

TABLE 1    |    Contingencies of wet, normal and dry years predicted by DREAM (and by forecasts generated from individual ocean basin SSTAs in 
parentheses) and by ECHAM.

DREAM (Pac, Atl, Ind, Sum) ECHAM

Dry Normal Wet

Verification Dry 6 (4,5,3,6) 8 4 (6,4,8,4) 4 3 (3,4,2,3) 1

Normal 5 (6,5,7,5) 3 3 (3,4,1,3) 5 5 (4,4,5,5) 5

Wet 2 (3,3,3,2) 2 6 (4,5,4,6) 4 5 (6,5,6,5) 7
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not the only influence, it may well be the most useful influ-
ence in terms of forecast skill. Nevertheless, its performance 
in terms of predicting wet and dry years is slightly worse 
(Table  1). The Atlantic actually furnishes more interannual 
variability than the Pacific, but little of it contributes to fore-
cast performance and the correlation is only 0.15. Information 
from the Atlantic is quite indiscriminate in terms of wet and 
dry years. Variability attributable to the Indian Ocean is very 
weak indeed. Every forecast is within the ensemble range of 
every other forecast. The correlation coefficient for ensemble 
means is 0.33 but this has little meaning with such weak vari-
ability. The circles in Figure 3 summarise the statistics for the 
single ocean basin experiments. Outside the Nordeste target 
region, global distributions of rainfall temporal correlation 
(not shown) have generally low values with isolated maxima 
for the Atlantic and Indian Ocean runs. Only the Pacific run 
has substantial areas of high correlation, and that is mostly 
over the ocean. The strong influence of El Niño, and in partic-
ular extreme eastern Pacific El Niños via teleconnections has 
been noted in previous GCM studies (see e.g., Kim, Kryjov, and 
Ahn 2022; Beniche et al. 2024).

Do our mostly linear predictions from part 1 mean that the 
characteristics of the full forecast can be recovered from the 
sum of these three runs? This appears to be the case, as the re-
sulting curve follows the full forecast curve quite closely (com-
pare Figure  4d with Figure  2). The correlation coefficient for 
the sum is 0.43 and the exact same values are recovered for the 

contingency table. Note that the ensemble spread for the sum 
of the three ocean basins is greater than the spread for the full 
tropical forecast. This is possible if the ensemble members for 
the three separate forecasts are correlated, presumably due to 
their shared initial conditions. So even though the ensemble 
mean is independent of the initial conditions, for each ensemble 
member the initial condition does appear to have a systematic 
effect.

5   |   Influence Functions for Global SSTs and a 
Linear Forecast Simulation

In this section we extend the idea of attributing the Nordeste 
rainfall anomaly to remote sources, as we attempt to break it 
down still further to sub-basin scale SSTAs. To set the scene, 
consider the observed interannual covariance statistics be-
tween the study area and tropical SSTAs. This is presented in 
three ways in Figure 5. The correlation coefficient (Figure 5a) 
is a measure of the interannual relationship between a re-
gional index and a global SSTA field, plotted as a global map 
of a dimensionless quantity. A regression is then presented in 
Figure 5b as a measure of sensitivity: the covariance normalised 
by the variance of the precipitation anomaly, plotted as a global 
map of SSTA in°C per mm/day, that is, the SSTA amplitude re-
quired for a given rainfall anomaly. Note that equatorial Pacific 
SSTAs stand out in this plot because the Nordeste region is rel-
atively insensitive, so a large SSTA is required. Therefore, high 

FIGURE 4    |    Box plots as in Figure 2 for individual ocean basin ensemble forecast runs, (a) Pacific, (b) Atlantic, (c) Indian Ocean and (d) the sum 
of the three. [Colour figure can be viewed at wileyonlinelibrary.com]
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correlations observed in the Pacific are due to the very large am-
plitude anomalies typically present in this region. An alternative 
regression is presented in a third way in Figure 5c as a measure 
of response. This time the covariance is normalised by the vari-
ance of the SSTA in situ. It is plotted as a global map of Nordeste 
rainfall in the position of the associated SSTA. So, every point 
on the global map actually shows values of rainfall in the tar-
get region. The units are mm/day per°C, that is, the rainfall re-
sponse for a given SSTA. The distribution looks quite different, 
emphasising the sensitivity of the region to Atlantic SSTAs. Note 
that these three plots are not the same, because the normalising 

factor for SSTA is spatially distributed and appears at different 
degrees in the denominator each time. It should also be stressed 
that these plots cannot be used immediately for attribution. Data 
for SSTAs is not independent either regionally or even from one 
ocean basin to another.

It would be interesting to recast Figure 5c in a framework where 
it actually represents causality and can therefore be used for at-
tribution and forecasting. This is possible if we use the model. 
A large number of independent perturbation experiments have 
been carried out with DREAM, in the same ensemble forecast 

FIGURE 5    |    Covariance statistics for GPCP rainfall anomalies in northestern Brazil (red box) and global Reynolds SSTA: (a) Correlation (dimen-
sionless); (b) sensitivity regression (°C SSTA per mm/day); (c) response regression (mm/day per°C SSTA). Hatching areas indicates significant cor-
relation at 5% significance level using t-test. [Colour figure can be viewed at wileyonlinelibrary.com]
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configuration as above (and also in part 1), but with an array of 
fixed artificial SSTAs of 1°C on a regular grid around the tropics. 
One SSTA covers a square region of side length 11.25° encom-
passing nine model grid points. Four latitude rows are consid-
ered and 32 longitudes, for a total of 128 ensemble forecast runs. 
Figure 6 shows an example of a single run, with an SSTA in the 
mid-Pacific (blue square). The FMA ensemble mean precipita-
tion anomaly is plotted. There is a large direct response to the 
SSTA which excites upward motion to the west and downward to 
the east. The perturbation produces global teleconnections with 
a dry anomaly over the target region (red box).

Positions for the other SSTAs are shown as blue crosses. In 
Figure 7 the FMA ensemble mean precipitation anomaly aver-
aged in the red box for each of these experiments is plotted at 
the position of the SSTA. This figure is an influence function. It 
summarises the behaviour of DREAM for Nordeste rainfall as a 
consequence of tropical SSTAs. It is natural to compare this fig-
ure with the ‘response’ regression shown in Figure 5c. The fun-
damental difference between the two figures is that the influence 
function actually shows causality, not just covariance, albeit in 
the framework of an imperfect model.

Some of the same broad characteristics are reproduced in the 
model result, including the predominance of the Atlantic as a 
strong influence per unit SSTA and the change in sign of the 
tropical Atlantic influence across the equator. There are also 
important differences, such as the east–west distribution of 
North Atlantic influence and the missing wet influence from 
the far western Pacific. These discrepancies may in part be due 
to model error, but there is likely to be a strong effect from the 
non-independence of the SST data in the regression.

Having established the influence function for this particular type 
of forecast run and forecast metric, we are now in a position to 

reconstruct the entire sequence of seasonal forecasts presented 
in sections 3 and 4, assuming that the response of DREAM to 
these isolated artificial SSTAs can be scaled and combined in a 
linear fashion. An FMA forecast for a given year's Nordeste rain-
fall anomaly with persisted tropical SSTAs can be immediately 
calculated by multiplying the January SSTA with the influence 
function and then summing the 128 separate contributions. The 
degraded resolution of the influence function was handled by 
simply applying the same value in the 9 × 9 grid box and multi-
plying it by full resolution January SSTAs with land values set 
to zero, averaging for each box and summing over all 128 boxes. 
This sum can be partitioned directly into contributions from the 
three ocean basins. The result is a linear model of the behaviour 
of DREAM, shown in Figure 8 for all 39 forecast years.

Figure 8a shows time series for the linear model compared with 
DREAM and the GPCP rainfall data. The DREAM results shown 
in Figure  4 for the three ocean basins are plotted together in 
Figure 8b (note the different scale), illustrating the close match 
between their sum and the full tropical experiment. Equivalent 
plots for the linear model are then shown in Figure 8c. In this 
case the sum is formally identical to the tropical band result 
shown in Figure 8a. The time variance statistics for the linear 
model are shown as triangles in the Taylor diagram in Figure 3.

The interannual variance of the linear model is much greater 
than for DREAM and is in fact unrealistically large compared 
with the observations. On the other hand, the correlation is sim-
ilar. However, the linear model curve is not just an amplified 
version of the DREAM curve, as it fluctuates from year to year 
with large amplitude. Linear simulations of the individual ocean 
contributions also differ from the DREAM results. The Atlantic 
contribution is stronger than the Pacific for the linear calcula-
tions, and the Atlantic now correlates well with GPCP, whereas 
the Pacific actually has a small negative correlation. So, the fact 

FIGURE 6    |    A single example of an idealised run showing ensemble mean FMA precipitation anomaly (mm/day) from an SSTA in the mid-Pacific 
(blue square). SSTA centres for all 128 idealised experiments are shown as blue crosses. [Colour figure can be viewed at wileyonlinelibrary.com]

FIGURE 7    |    Influence function for mean rainfall (mm/day) in the red box, plotted in the location of the idealised SSTA that caused it. [Colour 
figure can be viewed at wileyonlinelibrary.com]
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FIGURE 8    |    Linear hindcast experiments compared with DREAM: (a) Full tropical SSTA DREAM forecasts, the linear result and the GPCP ref-
erence, (b) DREAM runs for individual ocean basins plus their sum and the full tropical run (note the reduced scale); (c) Linear results for the indi-
vidual ocean basins and their sum. [Colour figure can be viewed at wileyonlinelibrary.com]
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that DREAM and the linear sum have similar correlations with 
GPCP is largely fortuitous, arising from different contributions 
from the Atlantic and Pacific. In both cases the Indian Ocean 
contributes very little. We can tentatively conclude that combi-
nations of influences from the Atlantic interfere destructively in 
DREAM, and perhaps the opposite is true for the Pacific.

6   |   Discussion

This article is the second part of an extended test of a novel 
global modelling system applied to the interannual variability of 
rainfall over South America. Part 1 provided an academic study 
of canonical SST anomalies, and their impact in ensemble fore-
cast experiments. Here in part 2 this is extended to real interan-
nual SST anomalies and an evaluation of forecast performance 
for a specified region of Northeast Brazil over a 39-year period.

Some of the conclusions from part 1 carry over into this more 
applied forecasting context. The model has a reasonably good 
response to well-known SSTA patterns, and this translates to a 
reasonably good performance in year-by-year seasonal forecast-
ing. The additive nature of the response to combined canonical 
patterns found in part 1 is also reflected in the way individual 
ocean basins contribute to the seasonal forecast.

However, this straightforward additive character did not endure 
for smaller-scale SST anomalies, and some intriguing differences 
arose between the full DREAM forecasts and the linear calcula-
tions based on the influence function. The low interannual vari-
ance of DREAM stands in contrast with the linear results, and 
the origins of forecast skill are also quite different. It seems that 
DREAM is not sensitive enough to the influence of the entire 
Atlantic, but more sensitive to smaller SSTAs within the Atlantic. 
To some extent the opposite effect is observed in the Pacific. This 
warrants further investigation, and more idealised studies could 
be conceived to look at the relationship between the nonlinearity 
of the impact, and the scale and location of the SSTA. A further 
complicating factor may arise from the difference in persistence 
of SSTAs between the Atlantic and the Pacific. Atlantic SSTAs typ-
ically develop more during a forecast, reducing the value of the 
persisted SSTA. Experiments in which the SSTA develops during 
the forecast can easily be carried out with DREAM to evaluate this 
effect. In fact, it will be interesting to evaluate the contribution 
that SSTA development can make to forecast skill not only for the 
Nordeste region considered in this work but for other regions and 
other rainy seasons where it may be of greater importance.

It is worth commenting on the scope of applicability of DREAM. 
It can be viewed as an economical option for seasonal fore-
casting. An alternative would be to consult the freely available 
NMME product (Kirtman et al. 2014) generated from a super-
ensemble of GCM forecasts. For the specific region and season 
considered in this article, the performance of NMME is similar 
to the ECHAM forecasts carried out at FUNCEME (better cor-
relation worser variability). Another alternative would be to rely 
on statistical models, which in some locations may offer similar 
skill in situations that are analogous to past events. However, the 
use of DREAM confers some advantages. It offers rapid access 
to physical interpretation and the flexibility of supplementary 

experiments at a reduced cost that may be useful for forecast-
ers. Such experiments could be deployed as a quick test, to be 
repeated with an in-house GCM, or as an alternative to an in-
house GCM for those that rely entirely on freely available com-
munity products such as NMME.

DREAM is already in place at FUNCEME as an operational 
model and has been used to forecast the Nordeste rainy season 
from 2022 to 2024. At this point, we have concentrated almost 
exclusively on this region but the global rainfall climatology of 
DREAM seems realistic enough to envisage extensions to this 
work. There is ample scope to use DREAM in other parts of the 
world, for other rainy seasons, where it might potentially have 
a place as an economical option for hybrid research and fore-
casting activities, particularly where computer resources are 
limited.
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