
INTERNATIONAL JOURNAL OF CLIMATOLOGY
Int. J. Climatol. (2016)
Published online in Wiley Online Library
(wileyonlinelibrary.com) DOI: 10.1002/joc.4649

Cointegration modelling for empirical South American
seasonal temperature forecasts

Alemtsehai A. Turasiea* and Caio A. S. Coelhob

a School of Statistics and Actuarial Science, University of the Witwatersrand, Johannesburg, South Africa
b Centro de Previsao de Tempo e Estudos Climaticos (CPTEC), Instituto Nacional de Pesquisas Espaciais (INPE), Cachoeira Paulista, Brazil

ABSTRACT: This study investigates an alternative modelling approach for empirical seasonal temperature forecasts over
South America. Seasonal average temperatures are found to be non-stationary at most parts of South America over the
1949–2012 period. Simple persistence and lagged regression methods have considerable correlation skill in forecasting next
season temperature using previous season temperature as predictor. However, the presence of trends in both predictor and
predictand temperature variables can affect correlation skill. Models that can account for non-stationarity in these variables
may do better in modelling and forecasting seasonal temperatures known to have trends. A novel method (cointegration),
introduced here for empirical seasonal climate forecasting, is found to perform better than the traditional persistence and
regression forecasts for places where the predictor and predictand temperatures have stochastic trends. Potential skill pairwise
comparisons between temperature forecasts produced with cointegration and those produced using persistence and lagged
regression have shown that the alternative cointegration method performs significantly better than the other two. One of the
main reasons for the better performance of cointegration method is that the modelling procedure accounts for the existing
non-stationarity in the process, and thus enables the estimated model to predict out of the range as efficiently as possible.
Overall, this method appears to be ideal for modelling and predicting climate under the current global warming scenario. This
is because most of the climatic variables including temperature in particular cannot be assumed to be stationary through time
under such warming scenario.
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1. Introduction

Seasonal forecasting aims to estimate the change in the
likelihood of a climatic event happening in the future.
It attempts to predict deviations from climatology of the
weather averaged generally over 2–4 months (Jan van Old-
enborgh et al., 2005). A number of methods have been
proposed in literature for empirical seasonal forecasting
(e.g. Barnston and He, 1996; Barnston and Smith, 1996;
Landman and Mason, 2001; Colman and Davey, 2003).
However, these methods generally do not pay due atten-
tion to the training data time series behaviour. Particu-
larly, stationarity/non-stationarity of the training data is a
feature strongly advised to be examined critically before-
hand. This examination is required because some meth-
ods such as regression/correlation analysis may end up
with misleading findings in terms of forecast skill for
non-stationary data. This situation is referred to as ‘spu-
rious regression’ by Granger and Newbold (1974).

Simple persistence and lagged regression methods are
some of the commonly employed methods in empirical
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forecasts of seasonal climate (e.g. Coelho et al., 2004,
2006). This study introduces a relatively novel cointegra-
tion modelling approach, which accounts for inherited
non-stationarity in the data, for seasonal temperature fore-
cast. A comparative analysis is presented in this article
between forecasts produced with the cointegration method
and two existing methods, namely lagged regression and
persistence forecasts. These forecast methods are applied
to seasonal temperature forecasts over South America, and
are compared and verified over the 1949–2012 period.
We consider case of forecasting March–April–May
(MAM) seasonal temperature using previous season,
November–December–January (NDJ), temperatures as
predictor.

The article is organized as follows. In Section 2, we dis-
cuss the source, type and time series properties of the data
used in this study. Section 3 presents some of the widely
known empirical forecast methods (persistence and lagged
regression) and their correlation skill. Section 4 discusses
how trends in climatic variables can affect regression and
correlation analyses results, which may lead to spurious
regression/correlation problems. After showing the impact
of stochastic trends on regression/correlation, Section 5
presents a commonly used statistical method for testing the
presence of stochastic trends in seasonal average temper-
atures. Having examined the presence of stochastic trends
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in seasonal temperatures, we next introduce the cointe-
gration model, which is designed to model relationships
among two or more non-stationary time series. Section 6
discusses a bivariate cointegrating vector autoregressive
(VAR) model with an application for two non-stationary
seasonal temperature time series. Section 7 compares the
skill of seasonal temperature forecasts produced with coin-
tegration with those of persistence and lagged regression.
Finally Section 8 summarizes the article.

2. Temperature time series assessment

In this study, we use the Global Historical Climatol-
ogy Network (GHCN)/Climate Anomaly Monitoring Sys-
tem (CAMS) 2 m temperature analysis (0.5× 0.5) data
(Fan and Van den Dool, 2008). This is a high resolu-
tion (0.5× 0.5 degrees in latitude and longitude) global
land surface temperature data set covering the period
1948 to near present. Seasonal averages are extracted
from this monthly data set by averaging over consecutive
3 months. We consider data for January 1948 to Decem-
ber 2012. Thus, we have time series of monthly and sea-
sonal average surface temperatures of length 65 for each
grid point.

Assessing the time series properties of the data is essen-
tial in determining which model to use for forecasting
purposes. Most of the statistical models, and the least
squares regression in particular, assume stationarity over
time. Using non-stationary data to fit such models may lead
to spurious results as it will be discussed later in Section 4.
Thus, examining how temperatures behave through time is
advisable before choosing specific methods for modelling
and forecasting purposes. Non-stationarity may be caused
by either deterministic or stochastic trends. In this section,
we assess linear deterministic time trends in seasonal tem-
peratures. Section 5 will later assess stochastic trends. By
stationary time series, we refer to time series whose sta-
tistical properties such as mean and variance are constant
through time and autocorrelations depend only on length
of time lags.

For temperature Tt (TNDJt
: NDJ temperature and TMAMt

:
MAM temperature) at year t, a simple test of signifi-
cance for deterministic linear time trend for the period of
1949–2012 is carried out on Tt = 𝛼 + 𝛽t+ 𝜀t, where 𝛼 and
𝛽 are unknown constants with 𝛽 measuring changes in sea-
sonal temperatures per year and 𝜀t is the random-error term
assumed to be independently and identically distributed
normal variate with zero mean and constant variance.

Locations with significant time trend, at 5% level of
significance, are shown in Figure 1. This figure shows that
seasonal temperatures have significant linear time trends in
most parts of the continent. Presence of trends can affect
the reliability of the ordinary least square (OLS) regression
estimates and the correlation coefficient between predictor
and predictand variables in such regression models. For
example, if TNDJ is used as predictor for TMAM and both
TNDJ and TMAM have trends in the same direction, the
resulting positive correlation between TNDJ and TMAM

could be due to the presence of trends in both predictor and
predictand variables (i.e. not necessarily due to the ability
of TNDJ to be a good predictor for TMAM).

3. Some simple forecasts and their potential skill

3.1. Persistence forecast

During February, having just observed the previous NDJ
temperature, one could think of a simple persistence fore-
cast by assuming the previous NDJ temperature to persist
into next MAM. In this simple forecasting model, the mean
temperature of MAM at year t (TMAMt

) is forecast to be
the same as the observed mean temperature of NDJ at year
t− 1

(
TNDJt−1

)
, i.e. TMAMt

= TNDJt−1
.

This is one of the simplest, sometimes referred to as a
lazy person’s, forecast with lesser expense involved. How-
ever, due to the fact that the atmosphere (and especially
the ocean) vary slowly, except in special and somewhat
rare circumstances, this sort of forecast usually has higher
skill than climatology, which uses the historical (mean)
value for a particular observed period as the forecast for
the future (Van den Dool, 2006).

Skill is here assessed using correlation. Correlation indi-
cates potential skill, measuring association between the
deterministic forecast (i.e. the mean of the forecast distri-
bution) and observations. This skill measure is not affected
by the existence of biases in forecast. Figure 2(a) shows
correlation skill of persistence of previous NDJ tempera-
tures into next MAM. This may imply that the previous
season temperature value is a good proxy for the next sea-
son temperature value.

The persistence of the previous NDJ mean temperature
into next MAM mean temperature provides the central
(mean) value of the forecast distribution. In order to pro-
vide an uncertainty estimate for this persistence forecast,
the NDJ temperature cross-validated variances are esti-
mated leaving 1 year out at a time. That is, forecast vari-

ance s2
i for ith year is computed as s2

i =

n∑
t=1,t≠i

(
TNDJt

−TNDJi

)2

n−2

where TNDJi
=

n∑
t=1,t≠i

TNDJt

n−1
for i= 1, 2, · · ·, n , t= 1, 2, · · ·, n

and n= 65 is number of years. These forecast variances
will be used latter for constructing and assessing the skill
of probability forecasts in Section 7.2.

3.2. Lagged regression forecast

An alternative simple linear regression model of next
MAM temperature (TMAMt

) on previous year’s NDJ tem-
perature (TNDJt−1

)

TMAMt
= 𝛼t + 𝛽tTNDJt−1

+ 𝜀t (1)

is estimated using leave-one-out cross validation, and
the respective set of retrospective forecasts (hind-
casts) are made using the estimated model. Here 𝛼t is
mean MAM temperature for year t when previous NDJ
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Figure 1. Coefficient of linear deterministic time trends (∘C year−1): (a) MAM for the 1949–2012 period and (b) NDJ for the 1949–2011 period.
For the areas in white either the time-trend coefficients were not found to be statistically significant at the 5% level or are missing numerical data.
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Figure 2. Maps of correlation skill for the 1949–2012 period: (a) persistence and (b) OLS regression forecasts for MAM mean temperature using
previous NDJ temperature as predictor. For the areas in white either the correlation coefficients were not found to be statistically different from zero

at the 5% level or they were not computable due to missing numerical data.

temperature is 0 ∘C, 𝛽 t is a change in MAM temperature for
year t for every 1 ∘C change in previous NDJ temperature
and 𝜀t is a random-error term assumed to be distributed

as 𝜀t
ii∼N

(
0, 𝜎2

)
. The two time-dependent parameters

𝛼t and 𝛽 t, which are functions of TNDJt−1
, are estimated

by the OLS method using all previously observed NDJ
temperature values except the ones corresponding to the
forecast year (i.e. using one year out cross validation).
Correlation skill of the resulting retrospective forecasts is
shown in Figure 2(b).
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Figure 3. Graphical display of independently simulated random-walk processes and their linear relationship: (a) time series of rw1 (b) time series of
rw2 (c) scatter plot of rw1 versus rw2 and the fitted regression line and (d) histogram showing frequency distribution of correlation coefficients for

pairs of independently simulated random walks.

The ith individual forecast variance, s2
i , in this case

is computed as s2
i = 𝜎2

i

⎛⎜⎜⎜⎜⎜⎝
1 + 1

n−1
+

(
TNDJi

−TNDJi

)2

n∑
t=1,t≠i

(
TNDJt

−TNDJi

)2

⎞⎟⎟⎟⎟⎟⎠
,

where TNDJi
=

n∑
t=1,t≠i

TNDJt

n−1
and 𝜎2

i is the estimated resid-
ual variance for that period, which is estimated as

𝜎2
i =

n∑
t=1,t≠i

(
TMAMt

−T̂MAMt

)2

n−3
, where T̂MAMt

is tth period fitted
value of TMAM using estimates based on all but the ith

observation for i= 1, 2, · · ·, n and t= 1, 2, · · ·, n= 65.
It is evident from Figures 1 and 2 that the correla-

tion skill is stronger at locations with stronger time trend.
However, we could not attribute the stronger correlation
skills to stronger time trends at this stage. Existence of
long-term linear relationship between the two seasonal
temperatures should be studied before such inference
(see Section 6).

One can detrend the series (i.e. remove the time trend) to
address this type of non-stationarity. However, this simple
test of significance for deterministic time trend may be
highly influenced by presence of stochastic trend. Thus,
before detrending a series, one should study if there is
a stochastic trend therein using more reliable specialized
techniques (see Section 5.1).

4. Spurious regression/correlation problems

Classical estimation methods are valid for stationary
series. Many observed climatic time series such as
temperature, however, have empirical features that are
inconsistent with the assumptions of stationarity. For such
non-stationary variables, the OLS regression/correlation
may end up with spurious results. In spurious regres-
sion/correlation, the empirical estimates are computed
correctly but their relationship implications are nonsensi-
cal or unreasonable.

For example, consider pairs of independently simulated
random-walk processes in Figure 3. The two variables,
namely rw1 and rw2, plotted in panel (a) and (b) appear
to be related simply because they both trend upwards in
the same manner. The scatter plot of these two variables
around an estimated linear regression line, in panel (c) of
the same figure, also shows a linear relationship between
the two variables. However, from prior knowledge of the
process that generated rw1 and rw2, these two variables
are completely independent to each other and there is no
actual linear relationship between them. Moreover, a num-
ber of such pairs of independent random-walk processes
were simulated and the correlation between the pairs was
estimated. Panel (d) of Figure 3 shows the frequency his-
togram of the estimated correlations, where one can see
that a considerable number of these independent pairs
have correlation (which is supposed to measure strength
and direction of linear relationship between variables) as
strong as 0.5, in absolute value, and more. These strong
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correlations are induced due to the existence of trends in
the two variables.

Yule (1926) first discussed the risk of regressing a vari-
able that contains trend on another unrelated variable that
also contains trend, the so-called ‘nonsense regression’
problem. Granger and Newbold (1974) called such esti-
mates ‘spurious regression’ results and Phillips (1986)
explained them in more depth. For regressions that relate
integrated (contain stochastic trend) processes, Phillips
(1986) showed that the usual t and F -ratio test statistics
do not possess limiting distributions but actually diverge
as the sample size increase. In such cases, the null hypoth-
esis of no significant relation is rejected too often for a
given critical value and the regression is characterized
by a higher value of estimated coefficient of determina-
tion, R2, given by the ratio of variation explained by the
model to the total variation. In order to avoid such spu-
rious results, when dealing with non-stationary climatic
variables, it is highly advised to critically assess the type
of non-stationarity and then test for the existence of a sta-
tionary long-run relationship between the non-stationary
predictand and predictor variables.

5. Investigating stochastic trends in seasonal
temperature

The time series plot of MAM temperature for a specific
grid point (lon= 65.75∘W, lat= 5.25∘S) in Figure 4, shows
that the trend in seasonal temperature for that location has
more stochastic behaviour than deterministic.

Therefore, the unit root test (a test for stochastic trend
described in Section 5.1) is required before commenting
on forecasting methods for non-stationary time series.

5.1. Unit root test

The unit root test is a tool for assessing the presence of a
stochastic trend in a time series. The widely known aug-
mented Dickey–Fuller (ADF) method is used to test for
unit root in this study. Dickey and Fuller (1981) proposed
different hypotheses to test for a unit root in univariate
time series. Sequence of tests, which are based on each
of the test regression, as in Equation (2) for instance, treat-
ing the initial value T0 as fixed, are proposed. To balance
between minimizing the serial correlation in the error term
(due to small lag-length) and maximizing power of the test
(overestimating lag-length reduces power of the test), two
lagged endogenous variables (Tt− 1 and Tt− 2) have been
included in the test regression for all grid points.

Tt = 𝜇 + 𝛽t + 𝜋11Tt−1 + 𝜋12Tt−2 + 𝜀1t (2a)

Tt = 𝜇 + 𝜋21Tt−1 + 𝜋22Tt−2 + 𝜀2t (2b)

Tt = 𝜋31Tt−1 + 𝜋32Tt−2 + 𝜀3t (2c)

Rewriting Equation (2) in time differenced form, but
without affecting its likelihood, one gets:

ΔTt = 𝜇 + 𝛽t + 𝜌1Tt−1 + 𝛾1ΔTt−1 + 𝜀1t (3a)
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Figure 4. Time series of MAM temperature for a location at longi-
tude= 65.75∘W, and latitude= 5.25∘S over the period 1949–2012.

ΔTt = 𝜇 + 𝜌2Tt−1 + 𝛾2ΔTt−1 + 𝜀2t (3b)

ΔTt = 𝜌3Tt−1 + 𝛾3ΔTt−1 + 𝜀3t (3c)

where 𝜌i = (𝜋i1 +𝜋i2 − 1), and 𝛾 i =−𝜋i2. Non-stationary
time series that can be made stationary after differencing
are known as difference stationary (DS) process. The
process in (2) is said to contain a unit root, if it is a DS
and its counterpart in Equation (3) is not DS. If that is true,
then 𝜌i = 0 ⇒ 𝜋i1 +𝜋i2 = 1.

The rule of thumb (Pfaff, 2008) is to start testing for unit
root from Equation (3a) and proceed to Equation (3c). If
the null hypothesis of unit root based on Equation (3a)
is rejected, then, there is no need of proceeding with
tests for different versions of unit root hypotheses. Here,
we present results of the test based on Equation (3c).
Thus, we test the null hypothesis H0 : 𝜌3 = 0 versus alter-
native, HA : 𝜌3 < 0. A t -type test statistic, 𝜏, whose dis-
tribution is slightly non-symmetrical (see Dickey and
Fuller (1979); Hamilton (1994) for details) is used to test
this hypothesis.

The null hypothesis of unit root is rejected if the test
statistic is less than the critical value. We use a 95% critical
value, −1.95, given in Table B.6 (Case 1) of Hamilton
(1994). This test is applied for both predictor and preditand
time series of seasonal average temperatures at each grid
point. This is a test to check if a given univariate time
series, say Tt , is stochastically non-stationary or not (see
Figure 4 for an example of time series with stochastic
trend). For the ADF test, which we used in this article,
the null hypothesis is that ‘there is a stochastic trend in the
data (Tt).’ Under this null hypothesis, the test statistics will
have different asymptotic distributions based on the type
of model (Equation 3(a)–3(c)) on which the test is based
on. These distributions are different from the traditional
t (for Equation 3(c)) and F (for Equation 3(a) and (b))
distributions. Therefore, here we are testing if the time
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Figure 5. ADF unit root test statistic for (a) MAM and (b) NDJ temperatures: Map of significant ADF test statistics at 5% level. For the areas in
white either the ADF unit root test statistics was found to be less than the critical value of −1.95 indicating non existence of stochastic trends or the

test statistic is not computable due to missing numerical data.

series of seasonal temperatures (Tt) at each grid point is
stochastically non-stationary.

As Figure 5(a) and (b) shows the ADF test statistic is not
less than the critical value of −1.95 at most parts of South
America. This implies that seasonal average temperatures
contain unit roots (stochastic trends) in most parts of
the continent. Such time series are called integrated of
order 1, denoted I(1), if they can be made stationary
after differencing once and I(d) if one needs d times
differencing to make them stationary.

Therefore, use of the OLS regression such as (1) and cor-
relation skills without assessing the existence of a station-
ary long-run relationship (cointegrating) between the pre-
dictand and predictor temperatures, discussed in Section 6,
may lead to a spurious result problem for those locations
with unit root.

6. Cointegration modelling

The recognition that most time series are non-stationary
profoundly altered the methodologies of economet-
rics, introducing the concept and tools associated with
integrated–cointegrated data (Hendry and Juselius, 2001).
Components of an integrated process zt are said to be
cointegrated of order d and b, denoted zt ∼CI(d, b), if (1)
each component of zt, when considered individually, is
integrated of order d, I(d); and (2) there exists at least one
(and possibly r) cointegrating vectors 𝛽 ≠ 0 such that 𝛽′zt
is integrated of order d − b, I(d − b), for b= 1, 2, · · ·, d,
d = 1, 2, · · · (Engle and Granger, 1987).

Thus, cointegration implies that certain linear combina-
tions of the variables are integrated of lower order than the
process itself. For instance, two time series yt and xt that
are both integrated of order one, I(1), are said to be coin-
tegrated if there exists a parameter 𝛽 such that ut = yt − 𝛽xt
is a stationary, I(0), process.

To find out which linear relation is stationary and
which is not, a time series modelling of the full sys-
tem of equations is required. To this end, one can use a
VAR model, where each variable is explained by its own
time-lagged values and the time-lagged values of all other
variables in the system.

Let zt be a 2× 1 vector of two temperature series, TMAMt

(next MAM temperature) and TNDJt−1
(previous year’s

NDJ temperature), zt =
(

TMAMt

TNDJt−1

)
. A second-order vec-

tor autoregression time series model, VAR(2), is then given
by

zt = Π1zt−1 + Π2zt−2+ ∈ t (4)

where ∈ t is vector of random-error terms which are
assumed to be independent and normally distributed with
zero mean vector and variance matrix Σ (Johansen, 1991),
Π1 and Π2 are 2× 2 matrices of unknown coefficients.
For vector of integrated variables zt, estimates of these
parameters may not have their asymptotic properties.
Vector error-correction form (discussed in Section 6.1)
of Equation (4) makes the series stationary and keeps
the valuable long-run information by including a lagged
error-correction term in the model (Granger, 1981; Engle
and Granger, 1987).

© 2016 Royal Meteorological Society Int. J. Climatol. (2016)
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Figure 6. Trace test for rank of cointegration between the MAM and NDJ temperatures: Map of significant test statistics at 5% level of significance.
Panel (a) shows map of significant test statistics for the hypothesis of one cointegrating stationary relationship between the two temperatures and
panel (b) shows those for the hypothesis of no cointegrating stationary relationship between them. For the areas in white one of the following holds:

the two temperatures are not jointly unit root or the trace test statistics are not significant at 5% or missing numerical data.

6.1. The vector error-correction model

The unrestricted VAR model in Equation (4) can be repa-
rameterized in terms of differences, lagged differences,
and levels of the process – the vector error-correction
model (VECM). The VECM form of VAR(2) is obtained
by subtracting zt− 1 from both sides of Equation (4) and by
adding and subtracting Π2zt− 1 to and from the right-hand
side of the same Equation. We then obtain:

Δzt = Πzt−1 + ΓΔzt−1+ ∈ t (5)

where Π= (Π1 +Π2 − I2× 2), Γ=−Π2 and other notations
and assumptions remain the same as in Equation (4).
The Π matrix describes the long-run relationship between
variables (TMAMt

and TNDJt−1
) and Γ describes transitory

effects measured by the lagged changes of the variables.
The VECM form makes tests for cointegration simpler in
that the left-hand and the right-hand sides have different
orders of integration which cannot be balanced unless there
are cointegrating relations in levels on the right-hand side
of Equation (5).

For Equation (5) to hold at locations where the two
temperature series (components of zt) are I(1), the long-run
matrix Π should be of a reduced rank, say r. For a bivariate
model, if r = 2, then Π is of full rank and invertible. In
this case, zt itself is stationary and standard inference
applies. But for the system of integrated processes zt, the
Π matrix should be non-invertible and thus, this case does
not hold. If r = 0, then there are 2 unit roots in zt and it
is not possible to obtain stationary cointegration relations

between the levels of TMAMt
and TNDJt−1

. In this case,
the two I(1) variables do not have a common stochastic
trend and, hence, do not have similar temporal behaviour
over time (Juselius, 2006). If 0< r < 2, then there is r = 1
stationary linear combination of the two I(1) series, which
is the cointegrating relation. In this case, the long-run
coefficient matrix can be given asΠ=𝜶𝜷′, where 𝛼 (vector
of adjustment coefficients) and 𝛽 (cointegration vector) are
both 2× 1 vectors. See Turasie (2012, page 56–59) for
details on the likelihood estimation of the cointegration
vector for a bivariate VAR(2) model.

Statistical test for the rank of Π is the same as a test
for existence of cointegration. Because VECM exists if
and only if Π has less than full rank but is not equal
to zero, and by the Granger Representation Theorem
(Engle and Granger, 1987) VECM implies cointegration
and vice versa.

6.2. Test for cointegration rank

The number of linearly independent cointegration vectors
is referred to as cointegrating rank (Johansen, 2000). A
formal test for the cointegration hypothesis can be formu-
lated as a reduced rank test on the Π matrix, H0: r ≤ q, for
some constant number q (q= 0, 1, for bivariate model), and
the alternative is r > q. The likelihood ratio-based trace
statistic introduced by Johansen (1988) is used to test rank
of Π matrix in this study. For our bivariate case, the null
hypothesis of at most one cointegration vector is rejected
in favour of a more than one alternative if the estimated
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trace statistic is greater than critical value provided, for
instance in Table 1* of Osterwald-Lenum (1992).

Figure 6(a) shows that at the most one cointegrating rela-
tion hypothesis is not rejected in almost all locations where
both TMAMt

and TNDJt−1
are unit root, whereas Figure 6(b)

shows that the zero cointegration hypothesis is rejected
at almost all (except few grid points) locations where the
two temperatures are unit root. These together imply that
there is one stationary long-run relationship between the
two non-stationary seasonal temperatures.

The hypothesis of one cointegrating relation between
previous NDJ and next MAM temperatures is not rejected
at most parts of the continent. The critical value of this test
is 9.24. Then, one can use this estimated long-run linear
relationship to forecast average MAM temperature using
average NDJ temperature as predictor.

6.3. Cross-validated cointegration forecasts

For locations where the Π matrix does not have full rank,
Equation (5) can be rewritten as

Δzt = 𝛼𝛽′zt−1 + ΓΔzt−1+ ∈ t

= 𝛼
(
TMAMt−1

− 𝛽1TNDJt−2

)
+ ΓΔzt−1+ ∈ t (6)

and estimated leaving 1 year out at a time using Johansen’s
maximum likelihood estimation (normalized to TMAM).
We estimated Equation (6) including an intercept term in
the long-term part of the model so as to facilitate com-
parison with the lagged regression model (discussed ear-
lier) with intercept. After establishing linear relationship
between the two temperatures, forecast variances are com-
puted in a similar way to that of the lagged regression
forecast. That is, since the residuals from estimating model
(6) account for the whole error-correction model including
the long-term (cointegrating) and short-term components,
we use the estimated long-term relationship between the
two temperatures and compute residuals of the estimated
cointegrating relationship by taking difference between the
fitted and observed values of the predictand in a similar
way to that discussed in Section 3.2.

Forecasts of TMAM using previous year’s TNDJ are then
made using the estimated long-term relationship between
the two temperatures. Correlation skills of the resulting
retrospective forecasts (for only locations where the two
temperatures are unit root and have one stationary linear
relationship between themselves) are shown in Figure 7.

7. Forecast skill comparison

The cointegration method is designed to take account of
non-stationarity in studying long-run relationship between
non-stationary variables and hence it is proper (recom-
mended) for forecasting climatic variables presenting such
behaviour. Once existence of stationary long-run relation-
ship between the predictand and predictor variables is
identified, the OLS regression and correlation skill results
are also acceptable (not spurious). But still there may exist
differences in forecast performance of these approaches.

270 280 290 300 310 320 330
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Correlation coefficients, Coint. forecasts

Figure 7. Map of correlation skill for the 1949–2012 period. Cointegra-
tion forecasts of MAM temperature using previous NDJ temperature as
predictor. For the areas in white one of the following holds: the predictor
and predictand temperatures are not jointly unit root or the two temper-
atures have no cointegrating relationship or the correlation coefficients
between the forecast and observations are not significantly different from

zero at 5% level or missing numerical data.

Therefore, one needs to compare the forecast performance
of the three methodological approaches considered in this
study. To make a sensible and consistent performance com-
parison among these forecasts, we only consider those grid
points where the predictand and predictor temperatures are
unit root and have a cointegrating long-run relation.

7.1. Differences in correlation skill

In this section, we show pairwise comparisons of the cor-
relation skill of cointegration forecasts against those of
the OLS regression and persistence forecasts. First, the
correlation skill of each method is computed using the
respective forecasts and the observed series. Then differ-
ences between correlation skill of cointegration forecasts
and each of the other two are compared.

The significance of the difference between correlation
skill is tested using Pearson and Filon’s (Pearson and Filon,
1898) z statistic, which is given as:

z =

√
n
(
roc − ror

)
√(

1 − r2
oc

)2 +
(
1 − r2

or

)2 − 2k

(7)

where k = rcr

(
1 − r2

oc − r2
or

)
− 1

2

(
rocror

) (
1 − r2

oc − r2
or

−r2
cr

)
(as explained in Steiger, 1980), and roc, ror, and rcr

are the correlation coefficients between observations and
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Figure 8. Differences between correlation skill of cointegration and the OLS regression forecasts using previous NDJ temperatures as predictor: Map
of (a) the differences between correlation coefficients (cointegration–OLS regression) and (b) the respective p values of the test. For the areas in
white one of the following holds: the predictor and predictand temperatures are not jointly unit root or the two temperatures have no cointegrating
relationship or the difference between correlation skill of the two methods are not significantly different from zero at 5% level or missing numerical

data were identified.

cointegration forecasts, between observations and regres-
sion forecasts and between the two forecasts, respectively.
This statistic has an asymptotic standard normal distribu-
tion and provides a large-sample statistic for testing the
equality of two correlations with one series, the observed
temperature, in common (Steiger, 1980). Replacing ror
and rcr by rop and rcp respectively, we test significance of
differences between correlation skill of cointegration and
persistence forecasts.

The positive difference between the two correlations,
roc − ror and roc − rop, shown in Figures 8(a) and 9(a),
at most of the locations under consideration indicates
that the cointegration forecasts of MAM temperatures,
using previous NDJ temperature as predictor, has bet-
ter correlation skill than its regression and persistence
counterpart. Figures 8 and 9 show these differences and
the respective p values of the test for locations where
there are significant differences between pairs of correla-
tions. We reject the null hypothesis of no significant dif-
ference in favour of a two-sided alternative for smaller
p values.

7.2. Brier scores and reliability diagrams

Assuming Gaussian distribution for seasonal average tem-
peratures, the probability forecast values for the event at
each grid point are estimated by using forecast density

p (x) = 1√
2𝜋s

e
− 1

2

(
x−x

s

)2

, where x is mean forecast for a given

grid point and forecast period (season) and s2 is forecast
variance of the corresponding location and time.

One condition for the validity of probabilistic forecasts
for the occurrence of an event is statistical consistency
between a priori predicted probabilities and a posteriori
observed frequencies of the occurrence of the event under
consideration (Jolliffe and Stephenson, 2003). This consis-
tency is well visualized using the reliability diagram.

Figure 10 shows reliability diagrams of forecasts of
upper tercile MAM temperature using the three methods
considered in this study, for grid points where the two
temperatures are unit root and cointegrated. It compares
observed relative frequencies with forecast probabilities.
Reliable (well-calibrated) forecasts should show a curve
close to the diagonal (45 o) line. Here, all the three investi-
gated forecasting methods are close to the diagonal. How-
ever, the cointegration forecast (panel 10c) is the closest
to the diagonal of all examined forecasts. This also sug-
gests that forecasts produced with cointegration slightly
better agree with the observed frequencies than the other
two forecasts.

8. Summary

Different empirical seasonal forecast methods and their
potential skill are investigated in this study. Simple
persistence and lagged regression methods, which are
more familiar in the seasonal forecast literature, were
compared to the cointegration method for locations where
seasonal temperatures were found to be non-stationary.
Before producing and comparing empirical forecasts
using these methods, temporal behaviours of seasonal
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Figure 9. Differences between correlation skill of cointegration and persistence forecasts using previous NDJ temperatures as predictor: Map of (a)
the differences between correlation coefficients (cointegration–persistence) and (b) the respective p values of the test. For the areas in white one of
the following holds: the predictor and predictand temperatures are not jointly unit root or the two temperatures have no cointegrating relationship
or the difference between correlation skill of the two methods are not significantly different from zero at 5% level or missing numerical data were

identified.
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Figure 10. Reliability curves for persistence, lagged regression and cointegration forecasts of the upper tercile MAM temperature using previous
NDJ temperature as predictor.

temperatures for the South American region were stud-
ied. The results have shown that these temperatures are
characterized by trends, dominated by stochastic trends,
through time at most parts of the continent.

We have shown the impact of trends on OLS regression
and correlation outputs using independently simulated
synthetic data. As to these results and literature cited
in this article, existence of stochastic trends may affect
regression/correlation outputs which in turn might result
in misleading interpretation. This article, therefore, takes
this concern into account and (1) studied existence of
true long-run relationship (cointegration) between the

predictor and predictand temperatures before inferring on
correlation skill of different empirical methods and (2)
compares the potential skill of a newly introduced coin-
tegration model to those of the widely known persistence
and lagged regression models for regions where the two
temperature time series (predictor and predictand) are unit
root (i.e. both have stochastic trends).

This study has shown that the previous and next sea-
son temperatures have a stationary linear relationship in
the long run at almost all locations where both tempera-
tures are unit root. Cointegration forecasts have shown to
perform better than the other two forecasts (persistence and
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lagged regression) for those locations where the predictor
and predictand temperatures are cointegrated. This has
been demonstrated by differences between correlation skill
and reliability diagrams for the three investigated fore-
cast methods. The cointegration method has been shown to
perform well for locations where the predictor and predic-
tand climate variables are non-stationary. The robustness
of these results was checked by performing similar analy-
sis using previous January temperature as predictor to next
MAM temperature forecast (results not shown here). How-
ever, the overall comparison indicated that previous NDJ
has a better explanatory power over previous January in
predicting next MAM temperatures.

One of the main reasons for the better performance
of cointegration method is that the modelling procedure
accounts for the existing non-stationarity in the data over
time. On the other hand, both the regression and per-
sistence approaches assume stationarity. Application of
these later methods to non-stationary data may result in
less accurate model estimation. Studies have shown that,
for example, the OLS regression (which assumes sta-
tionarity over time) estimates are negatively biased for
non-stationary process (Turasie, 2012). Thus, forecasts
based on such inefficiently estimated models are less reli-
able as seen in this study.

Under the current global warming scenario, most of
the climatic variables including temperature in particular
cannot be assumed to be stationary through time. Thus,
under such situation, assuming stationarity and employing
models that cannot handle the inherent non-stationarity
might end up in misleading results. The cointegration
approach used in this study accounts for non-stationarity
in the data and estimates model parameters efficiently
so that the model can predict the non-stationary system
out of the range as accurately as possible. Therefore, the
used cointegration method appears to be an ideal tool
for modelling and predicting climatic variables under the
global warming scenario.
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