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11 A Cautionary Note on Automated Statistical Downscaling
Methods for Climate Change

The urge for higher resolution climate change scenarios has been widely recognized,
particularly for conducting impact assessment studies. Statistical downscaling methods
have shown to be very convenient for this task, mainly because of their lower
computational requirements in comparison with nested limited-area regional models or
very high resolution Atmosphere-Ocean General Circulation Models. Nevertheless,
although some of the limitations of statistical downscaling methods are widely known
and have been discussed in the literature, in this chapter it is argued that the current
approach for statistical downscaling does not guard against misspecified statistical
models and that the occurrence of spurious results is likely if the assumptions of the
underlying probabilistic model are not satisfied. In this case, the physics included in
climate change scenarios obtained by general circulation models, could be replaced by
spatial patterns and magnitudes produced by statistically inadequate models. Illustrative
examples are provided for monthly temperature for a region encompassing Mexico and
part of the United States. It is found that the assumptions of the probabilistic models do
not hold for about 70% of the gridpoints, parameter instability and temporal dependence
being the most common problems. As our examples reveal, automated statistical
downscaling “black-box” models are to be considered as highly prone to produce
misleading results. It is shown that the Probabilistic Reduction approach can be
incorporated as a complete and internally consistent framework for securing the statistical
adequacy of the downscaling models and for guiding the respecification process, in a way
that prevents the lack of empirical validity that affects current methods.

This chapter was published as Estrada F, Guerrero VM, Gay-García C, Martínez-López B, (2013) A
cautionary note on automated downcaling methods for climate change. Clim Change 120I, 263-276. DOI
10.1007/s10584-013-0791-7
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11.1 Introduction
The most robust source of regional information on the possible future climates available
to date is the Atmosphere-Ocean General Circulation Models (AOGCMs) (IPCC-WGI,
2007). Although these models have greatly improved in terms of their spatial resolution
and of the simulation of processes relevant for regional scales, it is widely accepted that
the information needs in terms of spatial (and temporal) resolution are well beyond of
what current AOGCMs can offer (IPCC-WGI, 2007; Christensen et al., 2007a; Fowler et
al., 2007). This is of special importance when conducting impact assessment studies, as
well as for designing adaptation plans and regional/local public policies. The two main
methodologies used for producing high-resolution climate change scenarios are
dynamical downscaling, using regional climate models and, statistical-empirical methods.
These methodologies have been applied in large-scale projects such as PRUDENCE
(Christensen et al., 2007b), STARDEX (Goodess, 2005) and ENSEMBLES (Jacob et al.,
2008), as well as in numerous climate change studies around the world (IPCC-WGI,
2007). Evaluations of these methodologies have shown that all of them offer similar
results, but that statistical downscaling has the additional advantage of being much less
computer intensive and less technically demanding (Wilby et al., 2004).

Although some of the limitations and potential pitfalls of statistical downscaling have
been discussed in the literature (e.g., Wilby et al., 2004), it is often forgotten that when a
statistical downscaling method is applied, a probabilistic model is being proposed.
Therefore, the validity of inferences relies on the statistical adequacy of the model. These
methodologies are not merely optimization procedures to minimize some measure of
error, or to maximize some measure of fit (e.g., R 2 ).

Statistical downscaling relies on empirical relationships between large-scale atmospheric
variables and weather station or gridded data records. One of the main caveats of this
type of methodology is that most of the statistical tools and tests require the variables to
be stationary, or to be transformed to achieve stationarity: they are not meant to be used
on trending variables or on variables with structural changes, for example. Nevertheless,
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statistical downscaling for climate change focuses not in short-term relations that could
be estimated after making the proper transformations to achieve stationarity, but on the
longer-term relations: for example, if the conditional mean of a large-scale temperature is
projected to increase 2ºC, how much the temperature of a location will increase where
other small-scale features that are present could lead to lower/higher changes? That is,
downscaling methods for climate change focus in estimating long-term relations between
non-stationary variables to infer how climate would evolve at smaller scales than an
AOGCM grid, and not only their short term variations that are related to weather. Most of
the statistical tools are not adequate for this task. In fact, there is a vast literature that
shows that the estimated relations of trending and/or highly autocorrelated series could be
spurious and misleading (e.g., Yule, 1926; Granger and Newbold, 1974).

Given the statistical difficulties expressed above, it becomes crucial to assess the
statistical adequacy of the models that are constructed for downscaling purposes in
climate change. The basic argument supporting this statement is that statistically adequate
inferences are produced when there is evidence of “the empirical validity of the
probabilistic assumptions underlying a statistical model” (Spanos and Mcguirk, 2002).
Statistical adequacy provides a sufficient condition for statistical inference because it
presupposes the validity of the model specification assumptions (Andreou and Spanos,
2003). When statistical downscaling is used, a probabilistic model is being proposed and,
for the inferences to be valid, the model must be adequate.

Nevertheless as argued in this chapter, automated statistical downscaling tools that are
used for climate change, such as SDSM (Wilby et al., 2002), clim.pact (Benestad et al.,
2008), do not provide the necessary tests to ensure the statistical adequacy of the model
and therefore misleading results could be expected. Moreover, to the best knowledge of
the authors there is no example in the climate change downscaling literature that has
thoroughly investigated and reported the adequacy of the statistical models that were
applied for conducting this task. In most cases, only measures of adjustment and of
forecast evaluation are provided. This is of particular importance due to the fact that,
when statistical downscaling is applied, the physics included in climate change scenarios
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obtained by general circulation models, could be replaced by irrelevant spatial patterns
and magnitudes produced by potentially inadequate statistical models.

The objective of this chapter is threefold: 1) to fill the literature gap between climate
change downscaling and statistical modeling; 2) to underline some of the potential pitfalls
of statistical methods currently applied for this purpose; 3) to provide formal statistical
framework and tests (already available in the statistics literature) for evaluating some of
the crucial assumptions that have been identified in the literature as well as others that
will be pointed out here. The intention of the authors is to stimulate the
adoption/development of more robust downscaling methods that can circumvent the
problems presented in this chapter. Illustrative downscaling examples are provided for a
region encompassing the southern part of the United States and Mexico.

11.2 Data and methodology

11.2.1

Datasets and downscaling approach

The observed temperature fields from the Climate Research Unit (CRU) TS3.0 0.5º ×
0.5º gridded database (Mitchell and Jones, 2005) were chosen as the predictand variables.
The downscaling domain covers the land grid points over Mexico and the southern part
of the United States, representing a total of 1995 time series. As is common in the
literature, the chosen predictors are the first few principal components of the following
large-scale atmospheric circulation variables: air temperature at 1000hPa, geopotential
height at 700hPa and 1000hPa (Benestad et al., 2008; Spak et al., 2007). These variables
were obtained from the National Center for Environmental Prediction (NCEP) reanalyses
for the period 1948-2009. The domain of the predictor variables covers the area 45ºN to 5ºN and -160ºE to -55ºE. July was chosen for conducting the analyses presented here.

The downscaling approach adopted in this chapter is the Perfect Prog (Klein et al., 1959),
commonly used for downscaling climate change scenarios. This approach involves
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deriving statistical relationships between time series of observed large-scale (predictors)
and local-scale (predictands) climate variables that are then applied for generating localscale scenarios by substituting the future predictor values with those projected by
AOGCMs forced by a variety of possible radiative forcing scenarios. The statistical
model chosen for implementing the downscaling method is linear regression.
Nevertheless, the discussion presented here is general enough to cover any other
statistical downscaling approach/model, since all of them involve imposing a
probabilistic model for which to be valid its assumptions must hold.

11.2.2

Two contrasting conceptions of
statistical modeling and the downscaling of
climate change scenarios

11.2.2.1 Current statistical modeling approach for
downscaling climate change projections.
To describe the basic methodological framework of climate change statistical
downscaling and the critical assumptions that have been identified in the literature, it is
useful to consider the following description of the local climate (Benestad et al., 2008;
von Storch et al., 2000):

y = f ( X , l, G )

(11.1)

where y , the local climate variable, is a function of the large-scale variables X , the local
effects l (such as the physiographic features) and the global climate G . To make this
relation operational and amenable to an estimable statistical model, equation (11.1) is
simplified in practice to:

y = f ′( X )

(11.1')

355

where the effects of G and l are assumed to be constant, leaving X as the only relevant
set of predictors for downscaling purposes (von Storch et al., 2000). The main underlying
assumptions identified in the literature for climate change statistical downscaling (Wilby
et al., 2004; Benestad et al., 2008) derive directly from (11.1') and can be separated into
two categories:

1) Characteristics of the predictor set X
a) The predictor set selection is supported by strong physical mechanisms relating
the large- and local-scale climate.
b) X is realistically modeled by the AOGCM used to project its future values.
c) X represents the climate change signal.

2) Characteristics of the relationship between y and X
a) The relationship between y and X is stationary. This assumption implies that
l and G must remain constant over time and that no structural changes occur in the
relationship between y and X .

As stated by Benestad et al. (2008) "if any of these conditions are not fulfilled, then the
empirical-statistical downscaling may be flawed and pointless". Given that the fulfillment
of these assumptions is considered to be crucial, it is surprising that they are seldom
tested using formal empirically-based methods in practice, being mostly assessed by
invoking theoretical considerations. It must be stressed that although the model structure
must be founded in theory, statistical downscaling is an empirical method and as such its
statistical adequacy should be evaluated using the proper tools.

In general the assumptions described above belong to the realm of correctly defining the
theoretical model (substantive adequacy) on which the estimable statistical model will be
based, but they do not directly refer to the statistical assumptions behind the probabilistic
model that is going to be applied for downscaling. The exception is stationarity, but even
in this case, departures from this assumption are thought mainly as a substantive (not
statistical) issue. The subsection "Minimizing risk of non-stationarity" in Benestad et al.
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(2008) illustrates this point: in order to minimize the risk of non-stationarity the
downscaling model must 1) be based on physical considerations, taking all relevant
factors into account and 2) when possible, predictors and predictands should share the
same physical units in order to avoid a "coincidental and not physics based" relationship
and that this relationship may not hold in the future.

The diagnostics for model adequacy are basically divided in two: 1) physical
interpretability of the estimated weights (coefficients) by for example checking if the
spatial structure of the estimated coefficients matches the understanding of the behavior
of the local climate; 2) model fit and statistical significance of the coefficients to
determine "how good the model is". Common choices for these purposes are the
coefficient of determination R 2 and the F-statistic. Furthermore, the evaluation of the
model's forecast performance commonly acts as part of the diagnostic of the underlying
assumptions of the downscaling model, although these problems are different in nature.

As discussed below, none of these diagnostics provides information regarding whether
the probabilistic assumptions behind the statistical model are fulfilled or not. As such,
they cannot guard against badly specified statistical models and can easily lead astray any
inference, forecast or projection based on them. As has been widely discussed in the
statistical literature, violations of the assumptions of any statistical model can have
important consequences such as making estimators biased, inconsistent and/or inefficient
and the model's results unreliable. Significance tests results can be spurious and goodness
of fit measures meaningless. Moreover, the criteria proposed above for assessing the
adequacy of the statistical model requires the very model to be statistical adequate: the
goodness of fit measures, statistical tests for significance and the spatial patterns
produced by the statistical model are only trustworthy and meaningful if the probabilistic
assumptions hold. Therefore this model diagnostic procedure gives rise to a circular
problem. Consequently, the current approach cannot solve the problem of evaluating the
statistical adequacy of the statistical downscaling models nor can the proposed diagnostic
test results guide the assessment of the model's substantive adequacy.
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The current statistical downscaling modeling approach and the formal statistical
modeling described in the following subsection are fundamentally different, the latter
being capable of taking advantage of the empirical information contained in the data to:
1) formally test the underlying probabilistic assumptions and 2) help in both the statistical
and substantial model specification in a way that can guard against the occurrence of
spurious results that would lead astray any interpretation and projection based on them.
Furthermore, under this approach the evaluation of the substantive and statistical
premises are clearly separated from the beginning of the modeling process in order to
avoid the occurrence of Duhemian ambiguity52 when assessing the validity of a statistical
model.

11.2.2.2 Brief description of the Probabilistic
Reduction approach
As suggested in the previous subsection, there is a need for incorporating a formal
empirically-based diagnostic procedure for evaluating statistical downscaling models in
order to secure their statistical adequacy, a condition that would justify their relevance for
projecting future scenarios. In particular, it is necessary to assure that the resulting spatial
patterns and magnitudes reflect existing local features and not a statistical artifact.

The Probabilistic Reduction (PR) approach proposed by Spanos (1986, 2010) is briefly
described. It has important advantages over both the classical "textbook" approach
commonly presented in the econometric literature (e.g., Greene, 2002) and the statistical
modeling currently used for downscaling climate change scenarios, such as:

a. It separates the statistical from the substantive premises of inference. At the
beginning of the modeling process the substantive information (i.e., the
theoretical basis supporting a given structural model, in this case the selection of
variables, the domain and the downscaling approach, etc.) is separated from the
statistical information (i.e., the chance regularity patterns exhibited by the data).
52

Under Duhemian ambiguity there is no formal way to discriminate if a statistical model is inadequate
because its probabilistic assumptions are violated or because the substantive information supporting the
model is incorrect.
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Testing the adequacy of the model is to be approached in a sequential manner, so
that once the statistical adequacy is verified, then the substantive adequacy of the
proposed model can be investigated.

b. It specifies the statistical model in terms of a [i] complete, [ii] internally consistent
set of probabilistic assumptions that are [iii] testable vis-a-vis with the data.

c. It entails thorough misspecification testing. Model assumptions are tested by
means of individual and joint tests in order to ensure the reliability of the
diagnosis.
d. The respecification procedure of the model takes into account all of the detected
misspecifications, avoiding the fallacies of acceptance (no evidence against the
null H 0 is misinterpreted as evidence for it) and of rejection (evidence against the
null H 0 is misinterpreted as evidence for a specific alternative H1 ).

Consider the normal linear regression model:

yt = β 0 + β1′xt + ut ,

(

u t ~ >IID 0, σ 2

)

t = 1,..., T

(11.2)

where y t is the predictand and xt is a vector of predictor variables, β 0 and β1 are
unknown but fixed, intercept and vector of slope parameters, respectively. u1 ,..., u n is a
sequence of normal, independent and identically distributed (NIID) errors. Defining
Z t := ( yt , xt ) as the set of potentially relevant variables and Z 0 := ( z1 , z 2 ,..., zT ) as the
corresponding data, the PR model specification permits to narrow all the possible models

Ρ( z ) that could have generated the data Z 0 to a single model family Μ θ ( z ) by
classifying in three broad categories the probabilistic assumptions pertaining the
stochastic process Z t : Distribution (D), Dependence (M) and Heterogeneity (H). In the
case of the normal linear regression model these assumptions are normal (D),
independent (M) and identically distributed (H). Table 11.1 summarizes the probabilistic
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assumptions of the linear regression model (see Spanos, 1986; 2006; 2010). Note that
although normality entails directly only assumption 1 it has been shown to be closely
related to assumptions 2 and 3 (Spanos, 1995), while independence and identically
distributed entail assumptions 4 and 5, respectively. These assumptions are testable vis-avis with the data.

Table 11.1. Normal/linear regression model.
yt = β 0 + β1′xt + ut
[1] Normality
(yt X t = xt ) ~ N(.,.)
[2]

Linearity

E ( yt X t = xt ) = β 0 + β1′xt

[3]

Homoskedasticity

Var ( y t X t = xt ) = σ 2

[4]

Independence

{( y

[5]

t-invariance

Θ := β 0 , β 1 , σ 2 are not varying with t

t

X t = xt ), t ∈ T} independent process

(

)

For evaluating the assumptions in Table 11.1, a battery of both individual (Table 11.2)
and joint statistical misspecification tests is applied (Spanos, 2010). The joint
misspecification tests are specified in terms of auxiliary regressions with the studentized
residuals of regression (11.2) as the dependent variable:

υˆt = γ 10 + γ 11 xt + γ 12t + γ 13t 2 + γ 14 xt2 + γ 15 xt −1 + γ 16 yt −1 + ε 1t

(11.3)

υˆt2 = γ 20 + γ 21 xt + γ 22t + γ 23t 2 + γ 24 xt2 + γ 25 xt2−1 + γ 26 yt2−1 + ε 2t

(11.4)

The auxiliary regression (11.3) allows to jointly test for mean misspecification with the
following hypothesis of interest:

H 0 : γ 12 = γ 13 = γ 14 = γ 15 = γ 16 = 0
H1 : γ 12 ≠ 0 or γ 13 ≠ 0 or γ 14 ≠ 0 or γ 15 ≠ 0 or γ 16 ≠ 0

and the contribution of each of the terms can be separately tested:
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Mean heterogeneity: H 0 : γ 12 = γ 13 = 0 ; H1 : γ 12 ≠ 0 or γ 13 ≠ 0
Nonlinearity: H 0 : γ 14 = 0 ; H1 : γ 14 ≠ 0
Temporal dependence: H 0 : γ 15 = γ 16 = 0 ; H1 : γ 15 ≠ 0 or γ 16 ≠ 0

Similarly, auxiliary regression (11.4) allows to jointly test for variance misspecification
with the following hypothesis of interest:

H 0 : γ 21 = γ 22 = γ 23 = γ 24 = γ 25 = γ 26 = 0
H1 : γ 21 ≠ 0 or γ 22 ≠ 0 or γ 23 ≠ 0 or γ 24 ≠ 0 or γ 25 ≠ 0 or γ 26 ≠ 0

and to test for the separately contribution of the terms the hypotheses of interest are:

Variance heterogeneity: H 0 : γ 22 = γ 23 = 0 ; H1 : γ 22 ≠ 0 or γ 23 ≠ 0
Heteroskedasticity: H 0 : γ 21 = γ 24 = 0 ; H1 : γ 21 ≠ 0 or γ 24 ≠ 0
Temporal dependence: H 0 : γ 25 = γ 26 = 0 ; H1 : γ 25 ≠ 0 or γ 26 ≠ 0

Table 11.2. Individual statistical misspecification tests.
Test
Type of test
Assumption
Reference
Normality
Distribution
JB
Jarque and Bera (1980)
AD
Anderson and Darling (1952)
BG
Breusch (1979); Godfrey (1978)
First
order
temporal Dependence
dependence
Ljung and Box (1978)
LB
Second
order
temporal
ML
McLeod and Li (1983)
dependence
Engle (1982)
ARCH
BDS
Linear
and
nonlinear
Brock, Dechert, Scheinkman and
dependence; chaos; deviations
LeBaron (1996)
from identically distributed
residuals
W
Heteroskedasticity
Heterogeneity White (1980)
Andrews and Ploberger (1994)
QA
Parameter instability
RESET Omnibus test; functional form All
Ramsey (1969)
Once the deviations from the normal linear regression model have been identified, the
respecification procedure consists in choosing another family of statistical models that
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can potentially provide an adequate representation of the underlying data generating
process. Then the assumptions of the new model are tested again and the procedure is
repeated until a statistically adequate model is found. Note, however that while
respecification can successfully lead to a statistical model valid in data, this new
specification is not necessarily a substantive model in itself, but serves for guiding the
respecification of the theory-based structural model.

11.3 Results and discussion

11.3.1

Automated downscaling and
misspecification testing

In this section the statistical adequacy of typical automated statistical downscaling is
investigated. Three different sets of predictor variables were used for specifying the
following downscaling models: Model A) air temperature at 1000hPa, Model B)
geopotential height at 1000hPa and Model C) geopotential height at 700hPa. In each case
the predictors are the first five principal components of these fields, accounting for 64%,
78% and 76% of the total variance, respectively (Appendix G, Table G1, Figure G1).

Figure 11.1 summarizes in maps some of the results of the downscaling models described
above. Panel i) shows in green the maps' grid cells where at least one of the probabilistic
assumptions of the underlying regression model is violated according to the set of
individual misspecification tests (Table 11.3; Figures G2 to G4). Panels ii) and iii) show
the R 2 coefficient and the joint significance F-test for the regressions corresponding to
each grid cell in the map. This figure helps to illustrate some common misconceptions
regarding significance tests and goodness of fit measures53. According to the diagnostic
criteria described in subsection 11.2.2.1 and to the information presented in panels ii) and
iii), the best model for downscaling purposes would be A, having the highest mean R 2
53

Note that the arguments that follow are equally valid for other goodness of fit measures as well as for
error metrics such as the Root Mean Square Error (RMSE).
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value (45%) and large areas scoring in the range from 60% to 74%. Furthermore, as
shown by the F-statistic (iii), the regression coefficients are jointly significant at the 5%
level for most of the selected region. Notice that these two panels already provide more
information than commonly offered by the current (automated) downscaling toolboxes,
which seldom give any information regarding the significance of the estimated
coefficients.

Can these downscaling models be considered valid and reliable? Guided only by the
criteria in section 11.2.2.1, the downscaling model A would be likely considered
appropriate. Nevertheless, choosing a model based on this type of considerations is prone
to produce misleading results. In fact, if the probabilistic assumptions are violated, high
R 2 values and highly significant statistics can be an indication of 'nonsense' or spurious
regression (e.g., Granger and Newbold, 1974). In this case, instead of adding relevant
local-scale information to the regional climate scenarios, what would be achieved is
trading the physically consistent patterns produced by the AOGCM for magnitudes and
patterns created by a statistical artifact. Figure 11.1 panel i) provides strong evidence
based on a battery of individual misspecification tests showing that most of the
regressions behind each grid cell in these maps are not statistically adequate: in 77%,
74% and 63% of the regressions in models A, B and C at least one of the misspecification
tests indicates that the probabilistic assumptions do not hold. Therefore, most of the
actual and nominal error probabilities are likely to be very different, cancelling any
interpretation regarding the magnitude, sign and significance of the estimated
coefficients. Any interpretation of these regression coefficients such as that increasing the
first principal component (Figure 11.2a) would lead to an increase in temperature in the
western side of the region and a decrease in the eastern part is not justifiable, much less
the maps of coefficients shown in the upper panel of Figure 11.2 are suitable for
downscaling purposes.
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Model C

Model B

Model A

Figure 11.1. General downscaling results for Models A, B and C. Columns i), ii) and iii) show, respectively, a summary of the
individual misspecification tests, the R 2 coefficients and the significance at the 5% level of the F-statistic of the regressions.
i)
ii)
iii)
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Figure 11.2. Model A slope coefficients values (upper panel) and significance at the 5% level of the corresponding t-statistics (lower
panel).
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In addition, the estimates of the uncertainty that is added to the downscaled scenarios
due to parameter estimation is seldom provided. Nevertheless, the amount of additional
uncertainty could be very large and the trade-off between detail and meaningfulness
should be carefully evaluated. For example, in models A, B and C the width of the two
standard errors intervals of the estimated coefficients for the average grid cell in each
case is 2.98ºC, 4.47ºC, 4.18ºC, respectively, with some cells reaching up to 8ºC of
additional uncertainty (Table G2).

Table 11.3 presents the percentage of regressions in models A, B and C for which the
individual misspecification tests were significant at the 5% level. The results from these
tests are similar across the downscaling models in that the most common
misspecification problems seem to be temporal dependence and time heterogeneity in
the mean, and possibly nonlinearity. The potential existence of parameter instability and
structural breaks suggested by the QA test in large parts of the region is of particular
importance, given that is one of the crucial (but hardly ever formally tested)
assumptions for downscaling climate change scenarios (e.g., Benestad et al., 2008). In
order to be able to further identify the possible form of the deviations from the
probabilistic assumptions of the regression model, multivariate misspecification tests
were applied using auxiliary regressions (11.3) and (11.4). The multivariate tests (Table
11.4) confirm the misspecification of a large number of regressions in each of the
downscaling models, being temporal heterogeneity and dependence the most common
deviations from the probabilistic assumptions. The multivariate tests results suggest that
in most cases the significance of the BDS test is caused by a violation of the identically
and independently distributed assumption and not so much by the presence of other
forms of nonlinearity. The violation of these assumptions is likely to be caused by some
of the time-series properties that have been shown to characterize temperature variables
in different spatial and temporal scales such as high persistence, nonlinear trends and
structural breaks (e.g., Gay et al., 2009). The violation of these assumptions clearly calls
into question the common practice of evaluating the crucial assumptions of statistical
downscaling on the basis of pure theoretical arguments (subsection 11.2.2.1) and not on
formal empirical testing.
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Table 11.3. Percentage of misspecified regressions using univariate tests.
Model A Model B Model C
MS
76.59%
73.53%
63.26%
JB
AD
BG
LB
W
ML
ARCH
BDS
RESET
QA

5.61%
7.17%
42.91%
45.56%
6.07%
13.03%
12.23%
39.50%
5.66%
29.42%

3.56%
7.82%
36.69%
40.50%
4.56%
11.33%
10.28%
33.83%
3.31%
45.26%

2.91%
6.07%
19.25%
22.96%
4.26%
10.43%
8.92%
29.87%
3.16%
22.21%

MS is the percentage of regressions for which at least one test was significant.

Table 11.4. Percentage of misspecified regressions using multivariate tests.
Model A Model B Model C
62.16%
54.54%
41.91%
MS
Mean
General F-test
31.38%
33.18%
27.27%
Time heterogeneity 28.22%
35.34%
15.29%
Nonlinearity
3.96%
2.81%
5.71%
Dependence
18.20%
13.53%
14.04%
Variance
General F-test
11.43%
6.62%
5.61%
Time heterogeneity 10.78%
10.88%
3.66%
Heteroskedasticity
9.77%
5.31%
4.61%
Dependence
14.49%
3.21%
4.81%
Notice that the spatial distribution of the violations of the probabilistic assumptions
revealed by the individual and multivariate misspecification tests do not describe
random patterns but tend to cluster around well-defined areas (Figure 11.3; Figures G5
to G7). These spatial patterns of misspecification suggest that there are strong
differences between subregions regarding the influence of large scale circulation
variables, local-scale processes and their interactions, and can hint at the specific form
these differences express themselves (i.e. secular movement, functional form,
dependence, among others).
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11.3.2

Respecification of the statistical models

The respecification of the proposed models according to the specific departures from the
normal linear regression model suggested by misspecification testing allows to further
examine these differences and can provide valuable information for both investigating
substantive issues regarding local and regional climate interactions and for guiding the
specification of the substantive models. As described in Section 11.2, the respecification
procedure consists in choosing another family of statistical models that can potentially
provide an adequate representation of the underlying data generating process. The
family of models that is suggested by the misspecification analysis above takes the
general form of normal dynamic regression with nonlinear terms and time trends:

5

m

5

n

5

yt = β 0 + α1t + α 2t 2 + ∑ β i xi ,t + ∑∑ φi , j xi ,t − j + ∑ψ l yt −l + ∑ θ i xi2,t + et ,
i =1

(

et ~ >IID 0,σ 2

)

j =1 i =1

l =1

t = 1,..., T

i =1

(11.5)

The results presented below correspond to Model B, but the qualitative results are
broadly similar for the other two models (Table G3). After considering different
specifications within the family of models in equation (11.5), the following common
model was found to produce the largest number of regressions for which no
misspecification was found:

5

yt = β 0 + α1t + α 2t 2 + ∑ β i xi ,t + φ1 x4,t −1 + φ2 x5,t −1 + θ1 x12,t + et

(11.6)

i =1

The individual misspecification testing results (Table 11.5, Figure 11.3a) shows that
model (11.6) is able to reduce in about 23% the number of regressions for which at least
one of the probabilistic assumptions was violated. Nevertheless, about 50% of the
region still shows significant deviations from the assumptions in Table 11.1. One of the
most common misspecification problems suggested by these tests (Table 11.5) is that
the parameters are not invariant over time, a problem that could be related to the
stationarity assumption (section 11.2.2.1) which requires the effects of the local factors

l in equation (11.1) to be constant.
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Figure 11.3b reveals the severity of the potential consequences of conducting statistical
downscaling without properly testing the probabilistic assumptions of the statistical
model. When comparing the downscaling results produced by the original and the
respecified versions of Model B it is shown that for about 39% of the regressions in
Model B at least one of the coefficients associated to the first five principal components
changed its sign, reversing the contribution of the corresponding variable for
determining the local temperature change. As expected, changes in the magnitude of the
coefficients were much more frequent.

On the basis of the results of the complete misspecification testing that was carried out
it can be claimed that the model specification in (11.6) produces a larger number of
statistically adequate regressions. Nevertheless, model (11.6) is not a substantive model
and would not be meaningful for downscaling purposes. It is important to make clear
that this ad hoc respecification is a tool for helping reformulating the substantive model,
indicating the existence of substantive ignorance and suggesting that relevant
substantive variables are missing: the inclusion of linear and quadratic time trends is a
generic way of capturing the time heterogeneity and cannot replace the substantive
variable that is missing from the model (Spanos, 2010).

Furthermore, results suggest that the relevant regressors for downscaling would be
subregion-dependent and that the common practice of choosing a general regression
model for conducting regional downscaling can be neither substantively nor statistically
adequate given the differentiated influence of large scale circulation patterns over local
variables and the existence of small-scale factors that impart nonstationarities to the
local predictands. For example, the significance of linear and quadratic trends in
specific areas within the selected region (Figure G8) puts into question both the
assumption concerning that the set of chosen substantive predictors X is properly
selected and the assumption of local factors having constant effects. These results call
for a detailed analysis of these areas in order to be able to correctly respecify a
substantive model, possibly considering the inclusion of local-scale predictors.
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Table 11.5. Percentage of misspecified regressions using univariate tests for Model B
specified as described by equation (11.6).
Model B % change
MS
50.38%
23.16%
JB
AD
BG
LB
W
ML
ARCH
BDS
RESET
QA

2.31%
4.91%
7.27%
8.32%
2.86%
11.53%
10.83%
27.07%
6.52%
15.89%

1.25%
2.91%
29.42%
32.18%
1.70%
-0.20%
-0.55%
6.77%
-3.21%
29.37%

Column three (% change) shows the percentage of regressions for which a violation of a particular
assumption is no longer present as compared with the results in Table 11.3.

Figure 11.3. Misspecification testing and changes in coefficients signs for Model B.
Panel a) shows in green the areas where at least a significant deviation of the
assumptions in Table 11.1 was found. Panel b) depicts in green where at least one
coefficient of the predictors X changed sign after the regression model was respecified.
a
b

11.4 Conclusions
The main objective of statistical downscaling in climate change is to generate relevant
information for the assessment of the potential impacts of climate change on human and
natural systems in order to help designing adaptation measures and guiding policy
making. Therefore, the possible implications of using statistically inadequate models for
this task can have non-trivial consequences.

This chapter shows that the critical assumptions for conducting statistical downscaling
as identified in the climate change literature do not guard against the consequences of
misspecified statistical models. Further complications arise from the widespread
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practice of relying on automated statistical downscaling "black-boxes" which tend to
trivialize statistical modeling by focusing on the judicious selection of substantive
variables based exclusively on theoretical premises and by considering it as a mere
procedure for finding the weights that maximize/minimize a certain measure of
goodness-of-fit/error.

If statistical adequacy of the downscaling model is not secured, it is very likely that the
physically consistent magnitudes and spatial patterns produced by AOGCM will be
replaced by those produced by a statistical artifact. The time-series properties of climate
variables, such as high persistence and complicated nonlinear trends, make the
occurrence of spurious relationships and statistical significance particularly likely.

The occurrence of non-random, well-defined spatial patterns in t-statistics and
misspecification tests significance —related to the local-scale features and to the
differentiated effects of large-scale variables— indicates the existence of strong regional
differences that would prevent the dominant practice of specifying a common equation
for regional downscaling. The widespread use of statistical downscaling toolboxes
based on "one-size fits all" type of specification is to be considered highly prone to
produce misleading results.

We believe that the addition of the PR framework to the downscaling of climate change
methodologies contributes significantly to justifying their relevance for projecting
future scenarios and to assure that the downscaled spatial patterns and magnitudes
indeed reflect existing local features, and not the product of a statistical artifact.
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Appendix G
G1. Principal component analysis of the predictor variables used in Models A, B
and C.

A principal component analysis was applied to the following large scale atmospheric
circulation variables: air temperature at 1000 hPa (T1000), geopotential height at 1000
hPa (GPH1000) and 700 hPa (GPH700). Table G1 shows the fourteen principal
components (PC) for each of these variables, and as can be seen from this table the first
five of them account for at least 64% of their total variance, while the individual
increments provided by the remaining PC is small (starting around 5% and decreasing
very fast). The first five PC are plotted in Figure G1 panels a to c.

Table G1. Explained variance and cumulative explained variance of the
principal components of T1000, GPH1000 and GPH700.
PC T1000
Cumulative
GPH1000
Cumulative GPH700
1
22.65% 22.65%
36.51%
36.51%
30.94%
2
16.21% 38.86%
19.59%
56.10%
19.47%
3
13.36% 52.22%
9.35%
65.45%
12.46%
4
6.82%
59.04%
6.94%
72.39%
7.41%
5
4.51%
63.55%
5.18%
77.57%
5.66%
6
3.71%
67.26%
4.29%
81.86%
5.45%
7
3.49%
70.75%
3.53%
85.39%
5.28%
8
2.65%
73.40%
3.26%
88.65%
3.52%
9
2.51%
75.91%
1.67%
90.32%
2.08%
10
2.16%
78.07%
1.40%
91.72%
1.74%
11
1.74%
79.81%
1.11%
92.83%
1.04%
12
1.66%
81.47%
1.00%
93.83%
0.70%
13
1.29%
82.76%
0.70%
94.53%
0.58%
14
1.25%
84.01%
0.64%
95.17%
0.47%

first fourteen
Cumulative
30.94%
50.41%
62.87%
70.28%
75.94%
81.39%
86.67%
90.19%
92.27%
94.01%
95.05%
95.75%
96.33%
96.80%
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Figure G1a. Time plot of the first five PC corresponding to T1000.
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Figure G1b. Time plot of the first five PC corresponding to GPH1000.
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Figure G1c. Time plot of the first five PC corresponding to GPH700.
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Table G2. Approximated 95% confidence intervals for the regression coefficients in
Models A, B and C. (± 2 standard errors)
Model A
Total Intercept PC1 PC2 PC3 PC4 PC5
Mean
2.98 0.32
0.76 0.56 0.42 0.44 0.48
Maximum 6.23 0.67
1.59 1.17 0.88 0.92 1.00
Minimum 1.36 0.15
0.35 0.26 0.19 0.20 0.22
Model B
Total Intercept PC1 PC2 PC3 PC4 PC5
Mean
4.47 0.38
1.10 0.75 0.83 0.66 0.76
Maximum 8.30 0.70
2.03 1.39 1.54 1.23 1.41
Minimum 2.25 0.19
0.55 0.38 0.42 0.33 0.38
Model C
Total Intercept PC1 PC2 PC3 PC4 PC5
Mean
4.18 0.38
1.15 0.74 0.83 0.52 0.57
Maximum 7.82 0.71
2.15 1.38 1.55 0.97 1.07
Minimum 1.77 0.16
0.49 0.31 0.35 0.22 0.24
Note: Total represents the sum of the individual coefficients intervals.
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G2. Maps of the coefficients, t-statistics and misspecification tests for Models A, B and C.
Figure G2a. Significance of individual misspecification tests applied to Model A.

Note: Areas in green denote statistical significance at the 5% level. The Breusch-Godfrey, Ljung-Box (Q-statistic), McLeod-Li, ARCH tests were conducted including from
one to four lags, the BDS test considers a correlation dimension of four points. The White test does not include the cross-products. For the Quandt-Andrews test a 20%
trimming was chosen.

375

Figure G2b. Slope coefficient values (upper panel) and their statistical significance at the 5% level (lower panel) for Model A.
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PC5

Note: Areas in green denote statistical significance at the 5% level.
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Figure G3a. Significance of individual misspecification tests applied to Model B.

Note: Areas in green denote statistical significance at the 5% level. The Breusch-Godfrey, Ljung-Box (Q-statistic), McLeod-Li, ARCH tests were conducted including from
one to four lags, the BDS test considers a correlation dimension of four points. The White test does not include the cross-products. For the Quandt-Andrews test a 20%
trimming was chosen.
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Figure G3b. Slope coefficient values (upper panel) and their statistical significance at the 5% level (lower panel) for Model B.
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Note: Areas in green denote statistical significance at the 5% level.

378

Figure G4a. Significance of individual misspecification tests applied to Model C.

Note: Areas in green denote statistical significance at the 5% level. The Breusch-Godfrey, Ljung-Box (Q-statistic), McLeod-Li, ARCH tests were conducted including from
one to four lags, the BDS test considers a correlation dimension of four points. The White test does not include the cross-products. For the Quandt-Andrews test a 20%
trimming was chosen.
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Figure G4b. Slope coefficient values (upper panel) and their statistical significance at the 5% level (lower panel) for Model C.
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Note: Areas in green denote statistical significance at the 5% level.
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Figure G5. Significance of multivariate misspecification tests applied to Model A.

Note: Areas in green denote statistical significance at the 5% level.
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Figure G6. Significance of multivariate misspecification tests applied to Model B.

Note: Areas in green denote statistical significance at the 5% level.

382

Figure G7. Significance of multivariate misspecification tests applied to Model C.

Note: Areas in green denote statistical significance at the 5% level.
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G3. Misspecification results for the respecified version of Model B.

Table G3. Percentage of misspecified regressions using univariate tests.
Model A Model C
MS
71.78%
54.24%
JB
4.01%
5.26%
AD
6.72%
7.42%
BG
25.26%
9.02%
LB
18.95%
6.97%
W
4.31%
2.61%
ML
9.87%
5.26%
ARCH 8.82%
4.56%
BDS
29.17%
27.77%
RESET 5.41%
1.70%
QA
27.62%
16.44%
Note: All abbreviations are defined as in Table 11.2.
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Figure G8a. Significance of individual misspecification tests applied to Model B (respecified).

Note: Areas in green denote statistical significance at the 5% level. The Breusch-Godfrey, Ljung-Box (Q-statistic), McLeod-Li, ARCH tests were conducted including from
one to four lags, the BDS test considers a correlation dimension of four points. The White test does not include the cross-products. For the Quandt-Andrews test a 20%
trimming was chosen.
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Figure G8b. Slope coefficient values (first and third panels) and their statistical significance at the 5% level (second and fourth panels) for
Model B (respecified).
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Note: Areas in green denote statistical significance at the 5% level.
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