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ABSTRACT

A bivariate time series regression approach is used to model observed variations in
hemispheric-mean temperature over 1900-96. The regression equations include determin-
istic predictor variables and lagged values of the two predictands, and we employ two
different forms of this basic structure. The deterministic predictors considered are simple
linear trends, various climate-model-generated time series based on different combinations
of greenhouse-gas, sulfate aerosol and solar forcing, and the Southern Oscillation Index
(SOI). With linear trends as the only predictors, the best model is a fourth-order bivariate
autoregressive model including lagged southern hemisphere (SH) to northern hemisphere
(NH) dependence, as in previous work by Kaufmann and Stern. The estimated NH and SH
trends are both +0.67° C/century, and both are highly statistically significant. If SOI is
included as an additional predictor, however, a first-order time series model, with no SH to
NH dependence, is an adequate fit to the data. This shows that SOI may be an important
covariate in this kind of analysis. Further analysis uses climate model-generated forcing
terms representing greenhouses gases, sulfate aerosols and solar effects, as well as SOL
The statistical analysis makes extensive use of Bayes factors as a device for discriminating
among a wide spectrum of possible models. The best fits to the data are obtained when all
three forcing terms are included. Total sulfate aerosol forcing of —1.1 W/m? (with a corre-
sponding climate sensitivity of ATy = 4.2°C is preferred to —0.7 W/m? (with sensitivity

of 2.3°C), but the Bayes factor discrimination between these cases is weak.



1. Introduction

A major theme of current climatological research is to examine how well observed
changes in climate are represented by the output of climate models under various assump-
tions about the influences of different forcing factors. Until recently, most studies of this
nature involved analyses of spatial patterns (e.g. Barnett and Schlesinger 1987, Santer et
al. 1995, 1996, Hegerl et al. 1996, Allen and Tett 1999, Tett et al. 1999, Stott et al. 2000).
Recently, however, it has been suggested that considerable evidence to discriminate be-
tween anthropogenic signals and natural forcing factors is available in just the hemispheric

mean temperatures (Kaufmann and Stern 1997).

Wigley et al. (1998) examined lagged autocorrelations and cross-correlations in north-
ern hemisphere (NH) and southern hemisphere (SH) mean temperatures, both in the raw
data and in the residuals after removal of an ENSO signal, and compared them with cor-
responding auto- and cross-correlations computed from unforced (control-run) simulations
of two ocean/atmosphere general circulation models (O/AGCMs). The discrepancies be-
tween the observed data and the control-run data were considerable, with the observed
data showing much larger autocorrelations over time lags of up to 20 years. This effect,
however, largely disappeared when the observed data were “corrected” by subtracting
trends, not necessarily linear, based on a number of hypotheses about forcing factors. The
hypotheses were (a) forcing due to anthropogenic influences (greenhouse gases and sulfate
aerosols) (ANTH), (b) forcing due to solar effects (SUN), and (c) forcing due to both kinds
of effects (BOTH). In addition, comparisons were made for a number of values of ATy,
the climate sensitivity under doubled CO2. The best agreement between the autocorrela-
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tions of the detrended observed temperatures and those of the O/AGCM control runs was
achieved when both natural and anthropogenic forcings were considered. Based on this,
Wigley et al. claimed to have identified strong evidence for a combined anthropogenic and
solar effect.

In this paper, we take these conclusions further by analyzing the hemispheric mean
data as a bivariate autoregressive (BVAR) time series. Specifically, we represent the ob-
served series as a sum of deterministic trend plus random error components, where the
random errors are BVAR. There are two reasons for pursuing such an approach as an alter-
native to that of Wigley et al. (1998). The first is that we can now use analytical methods
of statistics, such as maximum likelihood estimation and Bayes factors, to characterize the
quality of fit for different assumptions regarding the mixture of climate forcings. A second
reason is that our judgement of the quality of fit is freed from comparisons with those of
an O/AGCM model run, which may itself be problematic if the variability in the model
run does not correspond well with that of the observational data. We also reconsider some
analyses of Kaufmann and Stern (1997), who also examined hemispheric mean tempera-
ture data with a view to detecting anthropogenic effects, agreeing with some aspects of

the Kaufmann-Stern analysis but differing from them in a number of other respects.

2. Bivariate Autoregressive Models

Kaufmann and Stern (1997) considered models of the form

k P1 q
Ny =01+ Zﬂljfﬂtj + Z'Ylet—j + Z(SljSt_j + €1,

i=1 =1 =1

k D2 q2
S = as + Z Bajyej + Z Y2; Ne—j + Z 025St—j + €2

j=1 j=1 7j=1



in which N; and S; denote the observed NH and SH temperature averages in year t, and
{z¢j, ytj» 1 < j < k} denote k covariates, identifiable as the deterministic components
of their model. These covariates may either be time ¢, in which case the deterministic
components would be simple linear trends, or they may reflect more complex temporal
changes, due to forcing factors such as greenhouse gases, etc. The simplest form of their
analysis is the linear trend case k = 1, 41 = yu = t. The 7;; and J;; coefficients
represent various lagged terms in the model which represent serial correlation both within
and between the two hemispheres. The €1; and €9; terms represent error terms which are
assumed normally distributed with mean 0, independent from one value of ¢ to another
and with variances 0%, o3 say. The analysis of Kaufmann and Stern implicitly assumed
that e1; and eg; were also independent of each other, though we shall consider the more
general form in which Corr(eqy, €2:) = p, where p may be any number between —1 and 1.

An alternative form of the model is

k
Ny =a1+ ) frjme + W,

7j=1
k
Se =0+ Y Bojyu; + Z,
j=1
P1 q1 (2)
Wy = Z’Ylet—j + Z 01 Z¢—j + €1z,
j=1 j=1
D2 q2
Zy = Z’Yszt—j + Z 02 Z¢—j + €3¢
j=1 j=1

Whereas equation (1) contains autoregressive terms directly in the variables of interest, V;
and S;, equation (2) first forms detrended series, W; and Z;, by subtracting the determin-
istic trend terms from N; and S; respectively, and then models (Wy, Z;) as a stationary
bivariate autoregressive series. Although either form of model, (1) or (2), is plausible for

4



the kind of data we deal with here, in the discussion to follow we shall argue that (2) is
preferable.

A number of earlier authors have used models of the form of (1) or (2), or their
obvious analogs for univariate time series, in testing for trends in climatological time series.
Bloomfield and Nychka (1992) and Woodward and Gray (1993, 1995) used univariate
versions of model (2), with the trend term external to the autoregressive equation. On the
other hand, Tol (1994) used an equation similar to (1), with the trend terms internal to
the autoregressive equation.

Our principal method of model fitting is maximum likelihood estimation (MLE). For
given model order and values of the parameters a1, a9, {f1j, 1 < j <k}, {B25, 1 <j <
khAvg, 1< <pih {6y, 1< <a}t{rz, 1 <J <p2}, {02, 1 <Jj <}, 01, 02 and
p, we extract the values of {€1;} and {ea:} using (1) or (2) and calculate their joint density
— this is the likelihood function for a given set of parameters. In the time series literature
(see, e.g. Brockwell and Davis 1991), this is known as a conditional likelihood approach.
The calculation requires some lagged values (before time 1) of the NH and SH series, but
this will not be a problem because, for every analysis we do, we have values available
from years prior to the beginning of our analysis period. The likelihood is maximized
with respect to all the unknown parameters to obtain the MLEs. In practice, this is
usually carried out by numerical minimization applied to the negative of the log likelihood
function, which we shall henceforth refer to as NLLH. Ignoring an irrelevant constant of

proportionality, the NLLH is derived from the €14, €; values by the formula

N 2 1 (€ 2penen | 6
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in which N denotes the total number of years used for the calculation, ignoring the initial
lagged values. Note that if p = 0, the central part of the calculation reduces to selecting
the regression coefficients to minimize the residual sums of squares Y €2, and Y €2,, which
appears to have been what Kaufmann and Stern (1997) did.

The matrix of second-order derivatives of NLLH, evaluated at the MLE, is known
as the observed information matrix and its inverse is widely used as an estimator of the
covariance matrix of the MLEs (Cox and Hinkley 1974). The square roots of the diagonal
entries of the inverse observed information matrix are estimated standard errors.

For comparison among models, two widely used methods are the Akaike Information

Criterion (AIC) and the Bayesian Information Criterion (BIC), defined by

AIC = 2 NLLH + 2p,

(3)
BIC = 2 NLLH + plog N,

where p is the total number of estimated parameters and N the length of the series. In
either case we seek the model which minimizes the value of (3). Both criteria use the
NLLH but impose a penalty term to prevent p getting too large — BIC imposes the larger
penalty and therefore tends to select a model with fewer parameters. BIC is sometimes
preferred on the grounds that this leads to consistent model selection (i.e., for choosing
among a finite collection of models, one of which is correct, the probability that the correct
model is chosen, using BIC, tends to 1 as N — oo, where N is the sample size) but not
all statisticians regard this property as the only one that matters, and both AIC and BIC,
among several other criteria, are used in practice.

As an alternative to AIC and BIC, when two models are nested (one being derived
from the other by fixing some of the parameters of the larger model) it is possible to
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compare the models via a formal hypothesis test in which we define the null hypothesis
Hj, that the smaller model is correct, against the alternative H; that the larger model is

correct. The likelihood ratio statistic (LRS) is defined as
LRS = 2(NLLH, — NLLH;), (4)

where NLLLHy and NLLH; represent the values of NLLH under the smaller and larger
models respectively. Assuming the model satisfies various regularity conditions, when the
null hypothesis is true, the distribution of the LRS should be approximately x2, where v
is the difference in the number of parameters between the two models (Cox and Hinkley
1974).

Models (1) and (2) are fitted here to an updated version of the temperature data set
employed by IPCC (Nicholls et al. 1996) covering the years 1900-1996. For the remainder
of this section we discuss a number of specific issues which seem to be important in selecting

a suitable form of model.

a. Initial selection of covariates

The suitability of the model obviously depends on the selection of predictor variables
or regressors {z; } and {y;;}. The simplest thing is just to specify 41 = y;1 = ¢ to represent
a linear trend. In Sections 3 and 4, we shall also include terms based on forcing factors
due to different influences. In the present section, however, we concentrate on two terms:
linear trends and the ENSO (El Nifio/Southern Oscillation) influence, as characterized by
the Southern Oscillation Index (SOI).

The possible influence of ENSO terms has been noted by a number of previous authors,
including Kaufmann and Stern (1997) and Wigley et al. (1998). The SOI (Konnen et al.
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1998) is a widely used numerical measure of ENSO activity, and a logical way to incorporate
its effect is to include it as a covariate in the model. In the present study, we use six-month
lagged values (i.e. the value used for a particular year is the average of the last six months
of the previous year and the first six months of the current year) as this has been found
in previous studies (Jones 1989, Wigley 2000) to give the best correlation with observed

temperature; we return to the question of optimum lag in Section 4.

b. Order of autoregressive components

The first analyses considered assume that the model orders pi, p2, q1, g2 are all
the same. Fig. 1 plots AIC and BIC values for model orders from 1 to 10, both with
and without the linear trend and SOI terms. AIC is minimized by either a first-order
or a fourth-order model with both linear and SOI terms. The more conservative BIC
criterion identifies a first-order model and marginally prefers one without a linear trend,
but including SOI, over the model containing both regressors.

In trying to pin down some of these choices more precisely, it is useful also to consider
the results of hypothesis tests. Concerning the choice between model orders 1 and 4, for
the model with both linear trend and SOI term, we find NLLH= —352.3 (13 parameters)
for model order 1, and NLLH= —-363.3 (25 parameters) for model order 4. Thus we
have LRS= 2(363.3 — 352.3) = 22.0 with 12 degrees of freedom, which corresponds to
a p-value of .038 when assessed according to the x32, distribution. Thus, at significance
level 5%, we reject the null hypothesis p;1 = ps = g1 = g2 = 1 in favor of the alternative
p1 = p2 = @1 = g2 = 4. Kaufmann and Stern (1997) also preferred a fourth-order model.
Similar LRS tests have been conducted for the linear and SOI terms, and also for the
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correlation coefficient p — in our analyses, all of these terms are statistically significant

and are therefore included in subsequent analyses.

c. Model (1) or model (2)?

All of the analyses discussed so far could equally well be performed using either (1) or
(2) as the basic form of the model (though the actual results reported above have all been
for model (2)). We can use the NLLH as a means of comparing the results under both
forms of model, assuming the other choices (which covariates to include, the orders of the
autoregressive terms, and the inclusion of p) are all the same. For the model with linear
trend only, the NLLH values for models (1) and (2) are virtually identical. For the model
with both linear trend and SOI terms, model (2) has significantly the lower value of NLLH

(-363.3 against —356.9). This implies that model (2) is preferable if SOI is included.

For the model with linear trend only, p1 = p2s = ¢1 = ¢2 = 4, and including p,
the estimated trend coefficients in (2) are 811 = .0067 (standard error .0013), B2; = .0067
(standard error .0009), in units of °C/year. These values differ slightly from those obtained
by direct linear regression without any autoregressive terms (.0058 and .0064 respectively),
which shows that the omission of autoregressive terms can bias the estimates of trends.
In model (1), however, the estimates are completely different: Bl = .0011 (standard error
.0010) and By = .0026 (standard error .0008), which do not have any direct intepretation
as a global warming trend. It can in fact be shown that these two sets of estimates are
consistent — if model (2) is rewritten in the form of model (1) with all error terms omitted,
and all the parameters replaced by their numerical estimates, we indeed get the values of
B1 and By just stated — but the lack of direct intepretation of these parameters as trends,

9



in model (1), is a practical reason for preferring model (2). In models with additional

regression terms such as SOI, it appears that model (2) fits better than model (1).

d. Inclusion of cross-correlation terms

A considerable part of the paper by Kaufmann and Stern (1997) is concerned with the
significance of the cross-correlation terms {v2;} and {d1;} which represent, respectively, a
north to south directional dependence, and a south to north dependence. In their analysis
of model (1) with simple linear trend, they claimed that the north to south dependence is
not statistically significant, but the south to north dependence is.

Within the models of form (2) with linear trends and model order 4, but without
including SOI, we can consider four different model types, with associated negative log
likelihood values:

(a): pr = q1 = p2 = g2 = 4 (dependence in both directions), NLLH= —344.6

(b): p1 = p2 = q2 =4,¢1 =0 (north to south dependence only), NLLH= —339.6

(¢): p1 = q1 = g2 = 4,p2 = 0 (south to north dependence only), NLLH= —342.1

(d): p1 = g2 = 4,91 = p2 = 0 (no interhemispheric dependence), NLLH= —337.3.

From the NLLH values, we can see that the ranking order of the models is (d)—(b)—
(c)—(a), with model (a) (the one with both directions of dependence) fitting best. To
determine the statistical significance of these differences, we perform a series of tests using
the x? test described earlier. This test shows, for example, that model (c) is significantly
superior to model (d) at the 5% level (the actual p-value is .045). Similarly, (a) is superior
to (b) (p-value .038). In words, the south to north dependence is significant whether or
not the north to south dependence is also included in the model. However, (a) is not
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significantly superior to (¢) (p-value .29) and (b) is not significantly superior to (d) (p-
value .33), or in other words, the north to south dependence is not significant. These
results agree qualitatively with those of Kaufmann and Stern.

If the same tests are repeated for the models including SOI, however, the results are
a little different: the p-value for (c¢) vs. (d) is now .071, and that for (a) vs. (b) is
.085. Although we would not wish to overstate the importance of these slight changes in
p-values, it is noticeable that the changes are in the direction of larger p-values (i.e. less
significant results), and indeed, that the interhemispheric terms are no longer significant
at 5% level. It should be noted in passing that Kaufmann and Stern (1997) also discussed
whether ENSO could be an explanatory factor but they did not perform a direct test as

we have done here.

e. Further remarks and summary

With the interhemispheric dependence terms omitted, we can repeat the
order-determination analysis given earlier, including the linear trend and SOI terms. Once
again the main choice is between model orders 1 and 4 with AIC prefering model order
4 and BIC prefering model order 1. A hypothesis test between the two models, using
a likelihood ratio statistic, results in a p-value of .055, indicating that model order 1 is
just accepted at the 5% level of significance (since .055>.050). Since at this stage of the
analysis it is not clear which is the better model order, we retain both model orders in
subsequent analyses.

In summary, for the models including just linear trend and SOI as covariates, we find
that both terms are significant, and the optimal model order is either 1 or 4. We find p to be
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statistically significant and, in comparing models (1) and (2), our preference is for model
(2) both because of ease of interpretation of the parameters and because, in the model
with SOI, it provides a better fit to the data as determined by NLLH. In considering the
influence of cross-correlations, we find that cross-correlations are not significant in either
direction, provided SOI is included in the model. We also found that the underlying linear
trends (0.67°C in each hemisphere) are somewhat higher than a naive analysis, ignoring

the autoregressive structure of the data, would imply.

3. Comparison of Different Forcing Hypotheses

We now consider possible alternative models in which the linear trend hypothesis
of the previous section is replaced by the hemispheric-mean temperature responses to a
range of forcing factors for different values of the climate sensitivity ATyy. Kaufmann
and Stern (1997) also included in their statistical models a variety of anthropogenically
influenced terms, such as the radiative forcings of carbon dioxide, methane, CFCs and
tropospheric sulfate aerosols, and also solar activity. Our approach differs from theirs by
using temperature responses based on physical models incorporating different combina-
tions of anthropogenic forcing factors, rather than using anthropogenic forcings directly as
covariates. We believe this is a more reasonable approach because the response to anthro-
pogenic forcing is typically nonlinear and may not therefore be captured accurately by a
linear statistical model using forcings as predictor variables.

We refer to each of the forcing cases as a specific “model”, although we note that
each response time series was generated by a single (physical) model based on of Wigley
and Raper (1992), as modified in Raper et al. (1996). The central idea of our analysis is
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to use the goodness of fit of the time series models under various trend terms generated
by different forcing hypotheses as a measure of the plausibility of those hypotheses in
explaining climatic data. We consider six forcing models A-F and four different values

(for each forcing model) of ATy, as described in Table 1.

All anthropogenic forcing factors thought to be important are considered, but only
solar forcing is considered as a possible natural forcing factor. The anthropogenic forcings
used are the best-estimate values employed in the IPCC Second Assessment Report (Kat-
tenberg et al., 1996), and an additional case with lower sulfate aerosol forcing. For solar
forcing, we initially examined results based on the irradiance reconstructions of Hoyt and
Schatten (1993, corrected and updated) and Lean et al. (1995), but used only the former

for our more detailed analyses. Table 1 summarizes the different forcing cases.

Table 1 also gives, for each case, the best-fit climate sensitivity and root-mean-square
error (RMSE) determined by minimizing, over 1899-1998, the RMSE between the climate
model output for different sensitivities and raw observed global-mean temperatures (as
described in Wigley et al., 1997). These results by themselves are of some interest: they
show that the inclusion of solar forcing improves the fit (cf. Wigley et al., 1997; Stott et
al., 2000); and that the higher sulfate aerosol cases give a better fit — issues that will arise
again later. They also show that the fits obtained using the Hoyt and Schatten irradiance
data are better than those obtained with the Lean et al. data. This, however, should
not be taken as an endorsement of one irradiance reconstruction over the other, an issue
that is more properly judged on the basis of the reconstruction methods used. Which
reconstruction we employ in our analysis is somewhat arbitrary, since both would serve
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adequately to illustrate the statistical methods that are the primary focus of this paper.
We use the Hoyt and Schatten data, since these provide a clearer separation of the different

statistical models that we compare.

Beyond solar forcing, the next most important factor in the natural forcing category
is likely to be volcanic forcing (Robock, 2000; Stott et al., 2000), which we will investigate
further in a later paper. When volcanic forcing is considered in the physical model used
to define the deterministic trend terms, the goodness of fit (at the global-mean level) is
degraded, possibly reflecting uncertainties in volcanic forcing estimates and/or deficiencies
in the physical model. Given this problem, a comprehensive consideration of volcanic

forcing effects is not possible in the present paper.

The four values of ATyx used for each model were 1.5°C (labelled 1), 2.5°C (labelled

2), 4.5°C (labelled 3) and the above-mentioned optimal values (labeled 4; see Table 1).

For each combination of forcing model and ATsy, we use the climate model’s
hemispheric-mean temperature output to define regressors x;; and y;1, and then fit these
to the observed data using model (2). We do this for each of three submodels using different
assumptions about the regression coefficients 811 and f21: (i) f11 = B21 = 1, (ii) f11 and
P21 estimated assuming B17 = fa1, (iii) f11 and B2 estimated with no constraints. In many
ways, the most interesting comparison is (i), since this corresponds to the hypothesis that
the time series model identifies the trend with no need for any scaling adjustment to the
climate model output. Assumption (ii) implies that the climate model is off by a constant
scaling factor that is the same for the two hemispheres. Assumption (iii) is the worst
because it requires separate adjustment for each hemisphere. Our ideal conclusion would
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be if assumption (i) held without any need for adjustment. In addition, for each of the

models, we assume SOI terms are included as x;2 and 42, as in Section 2.

In Fig. 2, the NLLH values are plotted for each of the 24 combinations of forcing
model and climate sensitivity, for each of the submodels (i)—(iii). Within each of the three
submodels, the 24 NLLH values are based on the same number of estimated parameters
and are therefore directly comparable. These plots are based on p; = ¢2 =1, ps = g1 = 0,
since the earlier discussion showed that a first-order autoregressive model appears adequate
to fit the data when SOI is included. Similar results were, however, obtained for a fourth-
order model, and in later discussion (Fig. 3) we shall directly compare results based on

first-order and fourth-order autoregressive time series models.

From the plots, it appears that models D3 and D4 are the best fitting, and also that for
those two models, though not for many of the others, submodel (i) is as good as (ii) or (iii).
For D4, under submodel (ii), the estimated common value of 317 and (31 is 0.95, with a
standard error of .08. Under submodel (iii), which allows 17 and (2 to be different, f;; is
estimated as .91 with a standard error .10, and o7 is estimated as .99 with standard error
.10 (Table 2, row 4). None of these three parameter estimates is significantly different from
1. These results indicate that the hemispheric differential in the D4 climate-model-based

predictors is consistent with the observations.

In general, the numerical values of the regression (i.e., trend) coefficients are consistent
with our a priori expectations for the different forcing models, A—F. This is especially so
for sensitivity case 4 (i.e., where the x4 and y;; predictor variables in equation (2) are
defined using sensitivities optimized using global means — see Table 1). To demonstrate
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this consistency, we use submodel (iii), in which the external-forcing regression coefficients

(B11 and B21) are unconstrained. These results are shown in Table 2.

For the external-forcing regression coefficients, the average of the two hemispheric
values is close to 1 in all cases. This is as expected because the predictors, x;; and vy,
have already been optimized in a global-mean sense. The average values are generally
less than 1 for two reasons: because some of the overall warming trend is captured by
the ENSO terms in the regression, and because the global-mean temperature is not the
arithmetic mean of the hemispheric values, but the area-weighted mean. Since coverage
is greater in the Northern Hemisphere (NH), the average regression coefficient must be
“biased” towards the NH values, which are lower, relative to what would be obtained from

a global-mean analysis.

The individual SH and NH regression coefficients, however, differ markedly from 1 in
all cases except model D, with the SH coefficient always greater than the NH coefficient
(i.e., B21/P11 > 1; see Table 2). Ba1/B11 > 1 implies that the NH predictor variable (x¢1)

values used were too large compared with the SH predictor values (y1).

To try to explain this, note that in each forcing model, the NH and SH predictor series
are different. The observed hemispheric-mean temperature time series also differ; and the
regression coefficients reflect differences between the observed and predictor-variable NH-
to-SH differentials. Predictor variable differences arise from both radiative forcing and
climate response differences. In general, the forcing differs in each hemisphere (except
for model F) because of differences in sulfate aerosol forcing (more negative in the NH)
and tropospheric ozone forcing (more positive in the NH); see Kattenberg et al. (1996)
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and Raper et al. (1996). The corresponding responses are further affected by hemispheric
differences in both the climate sensitivity and in lag effects due to oceanic thermal inertia.
In the NH, the climate sensitivity is slightly larger than in the SH (because of a greater
land area and greater sensitivity over land than ocean) and the response is more rapid
(also a result of greater land area). The net effect on the temperature predictor variables
may be characterized by their relative SH/NH temperature changes (e.g. as evidenced by
the linear trends) over 1900-96. The ratios are: A, 0.62; B, 0.87; C, 0.76; D, 0.89; E,
0.80; F, 0.76. Note that the NH change exceeds the SH change in all cases, even for the
higher sulfate aerosol cases. Models B and D (with higest sulfate forcing) have the highest

SH/NH ratios.

It can be seen now that the smallest values of the SH/NH predictor-variable change
ratios (A, C, E and F) correspond to the largest values of the SH/NH regression coefficient
ratios (Table 2). In these cases, the NH predictor changes are too large relative to the
observed temperature changes. The two other cases (B and D) where the SH/NH predictor-
variable change ratio is larger (around 0.9) are the two cases where the regression coefficient
ratio (B21/f11) is closest to unity, the value expected if the hemispheric predictor time
series were correct. Comparing B and D, it can be seen that the inclusion of solar forcing
(case D) improves the regression coefficient ratio. Additionally, as both of these cases have
relatively large sulfate aerosol forcing, these results imply that sulfate aerosol forcing is
necessary in order to explain the observed temperature changes at the hemispheric level,
and that the larger aerosol forcing case is preferred to the smaller aerosol forcing case.
Santer et al. (1996) and Wigley et al. (1997) came to similar conclusions.
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For the SOI predictor, the negative coefficient (Table 2) indicates that negative values
of the SOI (warm events in the eastern equatorial Pacific) are associated with globally
anomalous warmth (cf. Jones, 1989). The SOI “sensitivity” is virtually independent of the
assumed external forcing, largely because it is determined by higher-frequency variability
than is captured by any of the other predictors, and the sensitivity is almost the same
in each hemisphere. The values are all highly statistically significant. Slightly lower, but
still highly significant, values arise in the fourth order models, because the higher-order

autoregressive terms are able to “explain” part of the ENSO-related variability.

The final results shown in Table 2 are those for the standard deviations of the residuals,
o1 and o2. It is clear from the Table that cases with both solar and anthropogenic forcing
included have smaller residual standard deviations, implying that solar forcing helps in
explaining observed variations in hemispheric-mean temperature. Also, the residual stan-
dard deviations are substantially smaller in the SH. These residuals should represent the
effects of internally-generated variability in the observations if all external forcing factors
were correctly included in the model. We know that this is not the case, since volcanic
effects have not been considered. Nevertheless, the residuals are similar to the internally-
generated variability produced by unforced control runs with coupled ocean-atmosphere
general circulation models, most of which have NH variability greater than SH variability.
For example, the GFDL model (Manabe and Stouffer, 1994) has NH and SH standard
deviations of 0.13°C and 0.10°C respectively. These are values for complete hemispheric
coverage, and slightly different values would be obtained if the observed coverage mask
were applied. Since there are quite large differences between models, knowledge of the
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background level of natural variability is subject to considerable uncertainty. Neverthe-
less, the general similarity between our residuals and coupled model results provides a
reassuring consistency check for the regression model.

The above results support our a priori selection of model D as the “best” model
among those considered. In terms of inter-hemispheric temperature differences, it appears
that sulfate aerosol forcing similar to that used as “best guess” by IPCC (Kattenberg et
al. 1996) is required (cases B and D). The standard deviations of the residuals are lower
for case D than for the other models, but it is difficult to interpret this as a quantitative
measure of the extent to which model D fits better than the others. In the next section, we
extend this analysis using a Bayes factor approach, to try to quantify to what extent the
NLLH results in Fig. 2 can really be considered evidence either for or against the different

climate forcing models.

4. Model Selection Using Bayes Factors

In this section, we suggest an alternative interpretation of the model-fitting results
in terms of Bayes factors (Kass and Raftery 1995). Suppose we have M different models
to choose from. Suppose the m’th model (1 < m < M) defines a probability density
function f,,(y;60,) for observed data y in terms of model parameter 6,,. Suppose the
prior probability that model m is correct is II(m), and that conditional on model m being
correct, the prior density of 0, is mp,(0,,). Then the posterior probability that model m

is correct, given the data y, is

_ T(m) [ fin(Y; 0m) T (0 ) O,
H(m | y) = Zm’ H(m’) ffm’(y§9m’)7rml(0mr)d0mr . (6)
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The denominator of (6) is the sum over all alternative models m'; this ensures that
(6) defines a proper probability distribution over all M models (proper in the sense that
the probabilities sum to 1). The prior probabilities for the different models, II(m), must
be specified, and implicit in the whole formulation is the assumption that one of the M
models is correct. The latter assumption is questionable in the present context, since it is

obvious that many other models besides those in Table 1 could have been considered.

An alternative formulation, however, is to rewrite (6) in the form

H(m | y) _ H(m) ) ffm(y; Hm)ﬂ'm(em)d‘gm
H(ml | y) H(ml) ffm’ (ya Hm’)ﬂ-m’(em’)dem’

(7)

for the comparison of two given models m and m'. The advantage of this approach is that
(7) separates out the influence of the prior probabilities of the models (the II factors in the
right hand side) from the likelihood components (the ratio of integrals). If we ignore the
IT components in (7), the ratio of integrals, which we shall denote by B(m;m'), is called
the Bayes factor of model m relative to model m’ and represents the relative “weight of
evidence” of the two models. This therefore represents a direct means of comparing two
models without any prior assumption that one of them must be correct.

Bayes factors were first popularized in the classical treatise of Jeffreys (1961), who
gave the interpretation in Table 3, as slightly modified by Kass and Raftery (1995).

In practice, we have assumed the prior densities 7, (#,,) to be constant, and have
evaluated the integrals in (7) using Laplace’s integral approximation (Kass and Raftery

1995),

/ Fn 53 0T (6o ) A6 = (2772 (Vi |2 o (3 ) (8)
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where 6,, is the MLE under model m, Pm 18 the dimension of the model, and V,, is the

inverse observed information matrix under model m.

Taking model D4 as a reference model, since this is the best-fitting according to NLLH,
the Bayes factor for model D4 relative to each of the other models is plotted in Fig. 3.
This is for 811 = f21 = 1, and we have shown both the case with p; = g2 = 1 (the version

of the model used to compute Fig. 2) and the alternative form of model with p; = g3 = 4.

Consider first the results using the first-order model (p; = g2 = 1), represented by
solid lines in Fig. 3. According to the Jeffreys interpretation of Bayes factors, if we take D4
as our reference model, there is “strong” evidence against any model with a Bayes factor
bigger than 10, and “decisive” evidence against any model with a Bayes factor bigger than
100. The horizontal lines on Fig. 3 delineate these two boundaries. Under this criterion,
only four models, besides D4 itself, fail to be “decisively” worse than model D4. These are

D3, E2, E4 and F4 (and F4 is borderline).

To give this result a climatological interpretation, we see that the best models are
those (D and E) which include all three forcing components, i.e. greenhouse gases, sulfate
aerosols and solar, with model D (high aerosol forcing) superior to model E (low forcing),
though this comparison is not decisive. Moreover, both models perform best at near their
optimum climate sensitivity values. In contrast, model F4 is also (just) competitive in
terms of fit to the data, but using a highly unrealistic value of ATs,, whereas a solar-only
model with a more realistic AT>y« (such as model F3) is very much inferior. Thus, we reject
the “solar forcing only” model because it is either a much inferior fit to the data (model
F3) or uses a physically meaningless value of ATy (model F4). However, when combined
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with the anthropogenic and sulfate aerosol components, solar forcing is important, because

either of models D and E is a vastly superior fit to the data than A, B or C.

Thus, our overall conclusion is that a model which incorporates all three forms of
forcing factors — greenhouse gases, aerosols and solar terms — fits the observed data

much better than any of the alternatives which do not include all those three factors.

The conclusions based on a fourth-order model (p; = g2 = 4) are shown as dashed
lines in Fig. 3. For these calculations, the Bayes factor calculation relative to model D4
has been repeated with the fourth-order time series model. Note that the comparisons
here are among different combinations of the climate forcing, made separately for each of
the two forms of time series model; we are not using Bayes factors to compare first-order
time series models with fourth-order time series models, since formula (8) is problematic

for comparing models of different dimensions.

In general, Bayes factors computed using the fourth-order models are smaller than
those using the first-order models. This is to be expected: if we incorporate higher-order
terms into the time series models, then the time series models on their own contain more
degrees of freedom to explain the external forcing; consequently, the discrimination among
different forms of external forcing, as explained by the Bayes factors, will be weaker if
we adopt a fourth-order time series model than if we adopt a first-order model. The
qualitative conclusions, however, are unchanged. The Bayes factors for models E4, F4 and
F3, each computed with respect to D4, are 6.8, 46 and 5492. Thus, model E4 could still be
entertained as an alternative to D4, model F4 is clearly inferior to D4 but still a possibly
acceptable fit to the data, while the more physically realistic model F3 is decisively worse.
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All the Bayes factors derived from models A, B and C are again decisively worse than
those derived from models D and E. The climatological conclusions are the same as under

the first-order model.

Overall, our conclusions strengthen those of Wigley et al. (1998), reinforcing the
message that within a realistic range of ATy, the models involving a combination of
anthropogenic and solar effects clearly outperform those based on either anthropogenic or

solar effects on their own.

Fig. 4 shows a number of “diagnostic” plots, aimed at visually assessing the fit of the
regression equation, where we have used model D4 for the anthropogenic model. Plots (a)
and (b) shows that the anthropogenic model traces the irregularities of the observed data
considerably better than the straight line model, though it is clear that there are still some
periods in the data, notably the 1940s and 1950s, where it is capable of improvement. The
remaining plots of Fig. 4 show some standard statistical diagnostics based on residuals
from the anthropogenic model fit. Plots (c¢) and (d) show residuals plotted against fitted
values; (e) and (f) show residuals plotted against time; (g) and (h) show quantile-quantile
(QQ) plots for the residuals against a normal distribution; the fact that these plots stay
very close to the straight line of unit slope through the origin indicates a close fit to
the normal distribution. The only concern in any of these plots is that in (d) (and to
a lesser extent (f)) the last few values of the residuals seem to show a downward trend,
corresponding to several successive values in plot (b) where the observed value is below
the fitted trend value. Given that these residuals lie well within the range of residuals
established elsewhere in the plot, we do not believe these indicate anything wrong with
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the model.

Referees have raised some other questions of a “diagnostic” nature, concerning (a) het-
eroscedasticity and (b) multicollinearity. Heteroscedasticity refers to the residuals having
non-constant variance, of which there is absolutely no visual evidence in Fig. 4 (c,d,e,f),
but as an additional check, we performed the Godfrey-Koenker test given by Wetherill
(1986, p. 203), which produced test statistics of 0.26 for the NH data, 0.01 for the SH
data, each nominally x? under the null hypothesis of constant variance. Since both the
test statistics are much smaller than 1 (mean of the x? distribution), we conclude that
there is no evidence at all for heteroscedasticity. Multicollinearity concerns the possibility
of misleading regression coefficients because of correlations among the regressors. One of
the most widely used tests is based on the singular value decomposition of the matrix of
regressors (Belsley, Kuh and Welsch, 1980). In the present setting of a time series model
in which some of the parameters enter nonlinearly, the Belsley-Kuh-Welsch procedure is
not directly applicable, but we have adopted the following procedure which should be
equivalent to it: after the maximum likelihood fit is completed and with H the Hessian
matrix of the negative log likelihood (which estimates the covariances of the maximum
likelihood estimators), compute the eigenvalues of H, say Ay > ... > A, where p is the
number of parameters, and let the k’th condition number be v = \/)T)\p. In the case of
a linear regression, the matrix H is equivalent to (XTX)~! and this would be an equiv-
alent definition to that of Belsley, Kuh and Welsch. For the anthropogenic model with
AR(1) residuals, the largest condition index according to this definition is 16.6. Belsley,
Kuh and Welsch (1980, page 105) suggest that a condition index of 5-10 is associated with
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weak dependencies and that “moderate to strong relations are associated with condition
indices of 30 to 100”. On the basis of this, we conclude that there is no problem with
multicollinearity in this analysis.

Finally in this section, we return to one of the questions considered at the beginning:
what is the optimum lag of the SOI signal? This question can also be considered within
our overall modeling framework, by fitting different covariates corresponding to different
lags and choosing the best model on the basis of NLLH. In Figure 5, we show the results
of this, for our final preferred model (model D4 including SOI, p; = ¢2 =1, pa = ¢1 = 0).
The results show a sharp improvement in the fit of the model over lags 0-4 months, and a
sharp decline in lags of greater than 7 months, with lags between 4 and 7 months virtually

equivalent. This justifies our earlier decision to base the SOI analysis on a six-month lag.

5. Conclusions

Section 2 revisited the question of bivariate time series models for hemispheric data, re-
examining several of the issues considered by Kaufmann and Stern (1997). Like Kaufmann
and Stern, we found evidence for a south to north dependency in the hemispheric mean
temperatures, but the evidence for this is weaker if SOI terms are included in the model.
We also established that in this case, it appears that the time series dependence can be
adequately represented by a first-order model, provided SOI is included. This contrasts
both with the results of Kaufmann and Stern and with our own models when SOI is
omitted, both of which pointed towards a fourth-order model. We also find a preference
for models of form (2) over those of form (1), and for including a cross-correlation between
€1: and €g;.
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The results regarding SOI are seemingly at variance not only with those in Kaufmann
and Stern (1997), but also with Wigley et al. (1998). However, neither of the earlier two
papers tested for the SOI component directly by including it as an additional term in the
statistical model. The contrast with the earlier results arises because of the use of a more
sensitive statistical test, which allows us to re-assess this component of the model fit. We

include SOI in our subsequent comparisons of climate models.

The south to north dependency was shown to be significant by Kaufmann and Stern
(1997), and our results agree with theirs in the case of a model without SOI. With SOI,
however, the south to north dependence is no longer significant at the 5% level. This result
in itself may not be too important — for example, it is quite plausible that with a few more
years’ data, the south to north dependence would reappear as a significant component —
but it is relevant to the physical interpretation of the result that the observed south to
north dependence is partly explained by the SOI. In this respect, our conclusions differ
from Kaufmann and Stern (1997). While there may be an anthropogenic influence on
low-frequency variations in ENSO (Trenberth and Hoar 1997, Timmerman et al. 1999),
we judge that any anthropogenic component would be sufficiently small that the primary
ENSO variations that we see are due to natural fluctuations. The claim that the south—
north dependency is solely a result of anthropogenic climatic influence is not supported by

our analysis.

In Sections 3 and 4, we have extended the analysis of Section 2 to include different
forms of forcing terms generated by climate models. Various combinations of greenhouse
gas, sulfate aerosol and solar terms were considered, and also different values of the cli-
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mate sensitivity ATs«. The main conclusion here is that a model that includes all three
forms of forcing term is clearly better than any other model. The solar forcing model
alone is apparently competitive, but only with a completely unrealistic climate sensitivity
parameter (15°C). Climate sensitivities within the normally accepted range (1.5 to 4.5°
C) do not produce an adequate fit under this model. All of these conclusions are based on
an approximate Bayes factor method of comparison, and essentially the same results are

obtained using fourth-order time series models as under first-order time series models.

For further work along these lines, we anticipate that alternative forms of Bayesian
model comparison might be considered. Kass and Raftery (1995) reviewed a number of
alternative approaches to Bayes factors; Hasselmann (1998), Levine and Berliner (1999)
and Berliner et al. (1999) have also considered the application of Bayesian statistical
methods to climatological data. Finally, we would consider it of great interest to extend
the methodology to spatio-temporal data; as such, it would provide a powerful alternative
to the pattern correlation and fingerprint detection methods that have been developed by

Hegerl et al. (1996), Santer et al. (1995, 1996) and Allen and Tett (1999), amongst others.
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Forcing case! GHGs and Sulfate Solar!  Optimum3 RMSE*
biomass aerosols? aerosols AT,y (°C) (°C)
A: GHGs yes no no 1.36 0.143
B: Anthropogenic yes best®  mno 11.90 0.129
C: Low SOyq4 yes low® no 3.19 0.135
D: Anth. + Hoyt Sun yes best®  yes 4.16 0.114
Anth. + Lean Sun yes best®  yes 3.99 0.124
E: Low SO4 + Hoyt Sun yes low® yes 2.31 0.119
Low SO4 + Lean Sun yes low® yes 2.10 0.129
F: Hoyt Solar alone no no yes 15.41 0.124
Lean Solar alone no no yes 9.09 0.162

Table 1. Summary of models used to define deterministic trend terms.

! Hoyt Sun refers to the irradiance reconstruction of Hoyt and Schatten (1993); Lean

Sun refers to the construction by Lean et al. (1995)

2 Forcing values as used by IPCC (Kattenberg et al. 1996)

3 Based on the period 1899-1998. Note that the optimum climate sensitivities quoted

in Wigley et al. (1997) were based on a different time period.

4 Root Mean Square Error of the difference between modeled and observed global-

mean temperatures for the optimum sensitivity

® 1990 direct forcing —0.3 W/m?, indirect forcing —0.8 W/m? (Kattenberg et al. 1996)

61990 direct forcing —0.3 W/m?, indirect forcing —0.4 W /m?
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Forcing Case External forcing SOI terms Residual SD
P11 Ba1 B 521/,311 P12 Ba2 g1 02
A. GHGs 0.654 1.331 0.992 2.034 -0.0651 —0.0654 0.1235 0.0866
B. Anthro 0.838 1.002 0920 1.196 -0.0638 —0.0653 0.1211 0.0860
C. Low SOq4 0.741 1.112 0.927 1.502 -0.0645 —-0.0653 0.1222 0.0863
D. Anth.4+Sun 0914 0.993 0.953 1.087 -0.0616 —-0.0655 0.1146 0.0842
E. Low SO4+Sun0.837 1.104 0.920 1.319 -0.0627 -0.0651 0.1176 0.0837
F. Solar alone  0.777 1.034 0.906 1.331 —0.0681 -0.0677 0.1147 0.0864

Table 2. Regression coefficients for different forcing models, with optimized climate sen-
sitivity and unconstrained external forcing regression coefficients. B11, B21: coefficients of
external forcing for NH, SH respectively; 8 = (B11 + B21)/2. B2, B22: SOI components

for NH, SH respectively. ;7 and o5 are the standard deviations of the residuals for the NH

and SH components respectively. Solar factors are “Hoyt sun” as defined in Table 1.
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Value of Value of Strength of evidence

B(m;m/) log,o B(m;m') against model m’

1to 3.2 0 to 0.5 Barely worth a mention
3.2 to 10 0.5to1 Substantial

10 to 100 1to 2 Strong

Greater than 100 > 2 Decisive

Table 3. Jeffreys’ table of interpretation of Bayes factors, adapted from Kass and Raftery

(1995).
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Fig. 1. (a) AIC vs. common model order p; = ¢; = ps = g2 for model (2), including SOI
and a linear trend (solid line), SOI with no linear trend (long dashes), linear trend with
no SOI (short dashes), no trend or SOI component (dotted). (b) Same plot with but BIC

instead of AIC.
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Fig. 2. Comparisons of NLLH under 24 combinations of forcing model (A-F, see Table
1) and climate sensitivity (1-4), and under three assumptions about the trend coefficients
B11 and Ba1. Solid lines: (17 = B21 = 1. Dotted lines: estimated coefficients assuming
B11 = B21. Dashed lines: estimated coefficients allowing 311 and 321 to be different. Model
fits are for model (2) with SOI signal and p; = g2 = 1, pa = g1 = 0. The four model
sensitivities are 1.5 °C (model 1), 2.5 °C (model 2), 4.5 °C (model 3), and optimized

sensitivity (model 4). Lower (more negative) values indicate a better fit.
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Fig. 3. Approximate log;y Bayes factors computed for 24 combinations of climate model
and climate sensitivity (same as in Fig. 2), all computed relative to model D4 (for which the
log1p Bayes factor is fixed at 0). All fits are for model (2) including SOI, with po =¢; =0
and 311 = P21 = 1. Dashed lines: p; = go = 4. Solid lines: p; = g3 = 1. The horizontal
dashed lines represent Bayes factor 10 (above which there is strong evidence against the
alternative model, compared with D4, according to the Jeffreys interpretion) and Bayes

factor 100 (the lower bound for decisive evidence against).
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(a) NH data and signal (b) SH data and signal
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Fig. 4. Diagnostic plots. (a,b) Raw data with best-fitting straight-line and model-based
trends. (c,d) Residuals (from regression on anthropogenic+solar model) vs. fitted values.

(e,f) Residuals vs. time. (g,h) QQ plots of residuals.
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Fig. 5. NLLH values for model with various lags of SOI, versus the lag in months. Rea-
sults are for model (2) with p; = ¢ = 1, p2 = ¢1 = 0, based on model D4 for the forcing

component.
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