Reply to comments
Reviewer 1

In the moment, at least from my viewpoint, the paper is unnecessary difficult to read and
the presentation of the results could be improved. | added some suggestions in the line-
by-line comments. | would further recommend including all the results either in figures or
tables (summary statistics), if needed by adding an appendix. In the moment, most
Holocene results (e.g. the GHOST comparison) are not shown.

We have significantly reorganised the text, adding a Discussion section, and hope the
paper is now more readable. Rather than add a large number of figures which do not
further elucidate the results described in this paper, we will upload the derived model
output and associated data as a supplement. This should enable readers to rather easily
make model-data comparisons for all the variables we analysed.

Major points:

Holocene dataset and data uncertainty:

For the Holocene terrestrial dataset the error estimates seem unrealistic. The given
minimum error of 0.04C (Fig.2 ) would be smaller than the error of a very good
thermometer. | understand that a reanalysis of the terrestrial temperature proxy error is
beyond the scope of the paper, but at least a discussion of this weakness and its po-
tential effects on the results has to be included. A more realistic treatment of terrestrial
Holocene temperature errors can be found for example in Zhang et al., 2010.

For the marine GHOST dataset, it is unclear how the anomaly between 6 and Oka was
formed. As the time series are highly variable (because of internal climate variability and
"proxy" noise), taking the difference between the mean of two short timeslices will give
highly variable estimates. This is very different than for the LGM in which the LGM value
represents the mean over several thousand years and is taken relative to a well
determined modern instrumental estimate. | would recommend checking if this uncertainty
is already included in the 2C assumption.

My worries are that for the Holocene, the data error has a similar magnitude than the
signal term, and the reliability test mainly tests if the error estimate was good (which it is
likely not the case). | would therefore recommend a sensitivity study if the models would
pass the reliability test if the data uncertainty would be more realistic.

For the Holocene, other "quantitative" studies found at least a significant pattern corre-
lation (e.g. Schneider et al., 2010, Lohmann et al., 2012). How can this be recnciled with
the results of this paper? At least the Taylor diagram for the GHOST dataset (which is not
shown in the moment) should show some correlation and a significant correlation should
also display as some skill relative to a uniform Holocene warming null hypothesis for the
GHOST dataset.

Thank you for the interesting comments and references. Although we very much want to
encourage data syntheses to include error estimates, we agree that presently these need
some more work, and share some of your scepticism around the estimated uncertainties of
the proxy data. We discuss this in more detail in the paper (also with reference to Annan
and Hargreaves 2012, though this only considers the LGM). Some sensitivity tests have
also been done, and are reported in the paper. We removed the spatial variation of the
error, setting all errors to 2C, for land and ocean, LGM and mid-Holocene. The results of



these tests do not significantly impact our findings. As for the GHOST dataset, as already
described in the paper, no clear error estimate is available in the data set so we merely
make a first-order estimate that the errors are similar to those of the MARGO dataset as a
whole.

We had not considered analysing the ocean data separately for the MH, as there are
relatively few points and almost all lie in coastal regions (thus poorly resolved by these
models and perhaps not representative of the global ocean). Also, we focussed primarily
on seasonal rather than annual mean changes, for which we do not have ocean data. The
seasonal changes are a priori expected to be larger than the annual mean and have been
the focus of interest for mid-Holocene studies. However, we have now also tested the
ocean-only annual mean data and do indeed find small positive skill for most models, but
the values are extremely small, mostly no more than 0.02 in absolute magnitude with the
best model only achieving a value of 0.10. The correlations are somewhat larger,
averaging 0.3 across the ensemble. Therefore, these results seem consistent with
Schneider et al and Lohmann et al who show model anomalies to be positively correlated
with (but of far lower amplitude than) the data. We now present and discuss our results
more clearly in the context of this other literature.

Treatment of effective spatial degrees of freedom unclear: (Page 3498 in the manuscript)

p3498: ESDOF is based on the distribution of spatial patterns arising from the ensemble.
Thus, instead of having n time slices (for a conventional temporal EOF analysis) we have
n different model states. The ordering is of course immaterial in either case.
Mathematically, the analysis follows the same process. We have explained the process
more fully. Since this is calculated from the model outputs, observational error does not
influence it.

Missing discussion:

I’'m missing a discussion section in which the results (especially the non-existing skill of
Holocene simulations) are tied into the literature and hypotheses are shortly discussed.
This includes the data error assumptions, the wrong attribution of the proxy data (they
might represent another season than annual mean), an underestimation of the internal
variability in the model simulations or an underestimation of the sensitivity to external
forcing.

We've introduced a discussion section, and some material from the previous results
sections has also been moved here.

Line by line comments

3482:

Line 22: "representation error" explain or use other word

Line 22: what about the possibility that internal climate variability is underestimated in the
models?

Line 25: as the audience are largely "paleo people", better define what long-term means
here

Line 26: define GHG when it is first used

22 We have presented a clearer explanation of representativity error (p6 left col of
manuscript)

22 We are assuming equilibrium states, at least for the models.

25 changed to "decadal to centennial"



26 It is actually only mentioned once! Changed to “greenhouse gas”.

3483:

Line 6: believable; is there a better word? maybe reliable although | understand that
reliable also has a specific statistical meaning.

Line 12, 23, 28, next page line 5 and the whole remaining text. The text would be easier to
read if the explanations in parentheses could be either omitted or included in the text.

Line 14: good point ...but one also has to ensure that the performance of the models was
not used in the construction of the forcing datasets... e.g. on the last millenium timescale |
would suspect that this might happen.

6 changed to "credible" (though that's basically synonymous)
Parentheses - reworded to remove.

3484:

Line 1: "Intercomparison" Line 10: "and global mean insolation forcing is rather small".

Line 11: this is true at least in the climate model world, in the data/proxy world, also other
region experienced strong changes; | would therefore propose to either remove this
sentence or extend the description of MH climate changes + including more references.
Line 19: again, avoiding parentheses would improve reading Line 23: remove second "we"
Line 22: replace comma by full stop before "Secondly" Line 26: typo "statistics" Line 28"
omit "In this paper"

3484

1, 10 Fixed

11 Agreed, reworded and reference added.

19, 22, 23, 26, 28 All corrections made. Sorry for the poor writing here!

Page 3485 The description of models (AOGCMs, AOVGCMs...), Table 1 etc. applies for
both LGM and MH and is confusing under the headline Last Glacial maximum.. There-
fore, either combine LGM and MH into one section or separate into three sections.

Line 26: "from centres, which have contributed more than one model": this is confusing at
this point of the text; 1.) are the "problem" really the centres or are these just very similar
models? Was this considered or done? (Later = Page 3494 one can see that it was done
as one specific case).

3485 While there is of course an overlap in the sets of models, most of this discussion
relates to LGM-specific details of experimental design. We feel that trying to describe the
models collectively, and then outlining the relevant LGM vs MH distinctions, would
increase any possible confusion. We have however rewritten some sentences to improve
the overall readability of this section.

3486

The data section is hard to follow. Maybe add a table in which data sources, references,
baseline (against core-rop or modern instrumental data), error estimation method, #data
points left for comparison, season definition. Try to avoid the use of too many "shortcuts"
H11, B11. e.g. B11 is only used two times and can therefore be just left as pollen dataset
(Bartlein...).

Line 4:" remove "plus" Line 23: grid point area?

Line 29: H11 was defined before but the reader has likely forgotten it. | propose to fully
write it out once more here. Unclear what "scaled by 1C" means.



3486 We are deliberately using pre-existing gridded compilations, which comprise
separate land and ocean data sets for both epochs (albeit with the Schmittner et al
modifications). Again, the text has been modified to highlight this more clearly.

lines 4,23,29 Fixed.

Page 3487:

Line 9: this is not exactly true; 1.) there is a very small change in global annual mean (by
eccentricity)... so better write ... changes in global annual mean ... are negligible 2.) not the
global mean but the regional changes matter... so better argue that even regionally the
annual mean forcing changes are small and therefore, only a small signal is expected

Line 12: which representations; already describe them here Line 14 and Table 1: Is the
AOGCM really just called ECHAM (as ECHAM is the name of the atmosphere model)?
Line 16: better the full reference instead of B11

3487
9 12 16 Agreed, reworded.

We use simplified names in the text as in some cases the models change slightly between
experiments, as detailed in Table 1.

3489 Line 6: "random deviates of appropriate magnitude" what exactly? iid normal
distributed values with a standard deviation given by the data uncertainty?
3489 Yes, this has been reworded to make it clearer.

3492: Line 19-21: It is unclear here if this approach is used in the paper (which it is as one
can see later) or just a possible method. Also write out the "simple calculations" or cite a
reference in which they are described.

We've improved the description here to make it clear

3493: Results and discussion are mixed together. 16-26 should be moved in a discussion
section.
3493 We've made a separate discussion section

3494: The discussion about creating an ensemble and similar models should be moved in
the Models and Data section and just the results should be included here.
3494 this has been moved.

3495: Line 21: "not only reproduce"
Fixed

3497: please shift the discussion of which season (or season difference) to analyse and
which ensemble to use in the data and model section and only focus on the results here.
In the present version, it takes half a page to come to the results. Again, all results have
either to be shown in figures, or summarized (by summary statistics) in a table. The title of
this subsection could be "reliability, skill and Taylor diagrams" to be consistent with the
LGM subsections.

3497 We have moved some of this to the models and data section, where we agree it
seems to fit more naturally.



3498: remove the discussion part here and move it to a separate discussion. Line 20:
What means "high frequency mismatch"? What is "representation error" missing
representativeness of the data for gridbox scale variability?

3498 these discussions also moved to the new "discussion" section.

3499: What is meant by "high frequency noise": internal variability? Even "low frequency
e.g. millenial internal variability could cause such a result.

Line 12: "finer spatial scales" Line 18 and 27: The study just showed that in the mod- els,
vegetation feedbacks didn’t help... and also did not show evidence for vegetation
feedbacks in the data; so either present evidence for the vegetation case in the main text,
or remove this conclusion.

3499 This referred to spatial variability: now reworded (in more than one place).

18 We don't think this is a controversial statement.

Figures:

Figure 2: a and b have different sizes; in b, the colors of 2 and 3 degree are hard to
separate. A finer color scale would be more informative

Figs 1 and 2 have been revised for greater clarity (although we are unsure where the
different sizes of (a) and (b) came from, as our copies of the file seem to not have this
problem).

Reviewer 2

Overall comments: The paper is well written and well organized and there are very few
major comments. There are a few places where additional material would be helpful to the
reader as discussed below. A significant issue is that the figure captions are often not
descriptive of the figures as stand alone text, which forces the reader to go back and forth
between the text and the figures.

Thanks for the encouraging comments which are a relief after reviewer 1’s criticisms of
the readability and organisation of the paper. As a result of those criticisms, the
organisation of the manuscript has been revised with the addition of a Discussion section.
More detail has been added to the caption to Figure 6. The other figure captions have all
been checked to see that they describe the figure correctly. | think it would be confusing to
repeat parts of the discussion of the results in the figure captions, and when the figures
are placed inline in the final typsetting the “back and forth” issue will hopefully be resolved.

Minor comments:

Abstract:

- Please add the dates for the Last Glacial Maximum and mid-Holocene periods.

- Please define what “regional scales” means in this paper. As a comment on future
regional climate change, there is a big difference between 100km and 1000km but both
could be considered regional given they are sub-continental scales.

Abstract:

LGM, MH dates added

Regional replaced with sub-continental in most of the manuscript.



Page 3483, line 11. It would be useful to have a slightly longer discussion of what
feedbacks or forcings are considered missing in the models. This could go here in the
introduction or later in the conclusions.

p3483

Further discussion of "missing feedbacks" has been added to the conclusions, including a
specific mention of precipitation errors (as distinct from the veg models themselves).

Page 3484 |line 23-4, change to: These diagrams summarize three. . .”
3484 done

Page 3486, line 29. Please provide an explanation for why a Gaussian error is added
scaled by 1 degree.

3486 A little more explanation of MARGO data error has been added. We have also
included a sensitivity analysis and reference to Annan and Hargreaves 2012 (in press)
where these errors are examined in more detail.

Page 3487, line 3-4. The figure caption does not match the description here. Please fix.
3487 Fixed description of figure in text.

Page 3488, lines 7-13. It would be useful to have a discussion here on whether the equal
weight assumption is consistent with the expected variability in various regions where
observations are available. If higher variability in high latitudes is expected like in modern
climate, then a brief discussion of this for paleoclimate would be warranted.

3488 The errors are not due to sampling variability, rather it is calibration error that
dominates. There is no particular spatial pattern for MARGO (Fig 1b), and further evidence
(we have added a reference) indicates that we don't consider these values very robust
anyway. So we don't have any basis for a more complicated approach.

Page 3489, lines 6-7. Please be more clear about the random deviates used in this paper.
How big are they? and why are they added?
3489 A clarifying sentence has been added.

Page 3491, last paragraph. Please point out that the first reference prediction alternative is
a very weak one but it is also a reasonable first check. | think this could be clarified.
3491 Agreed. The wording is changed and discussion extended here.

Page 3491, line 24. Replace tests with test.
Done

Page 3492, line 15. “straightforward to calculate” needs to be backed up with equations.
Please add the equations.
3492 We have added more explanation.

Page 3493, line 23. | don’t know what “under represented” means or the phrase “reso-
lution at the finest scales there is under-represented.” This should be clarified, please. Is
this what others call “representativeness error’?

3493 The wording has been changed to improve clarity, "but even so it is likely that the
models have inadequate spatial variability at the finest scales due to smoothing in the
forcing, boundary conditions, and dispersion in the model numerics". Clarification of
representativeness error has also been added here.



Page 3494, line 19. At the beginning of this paragraph, it should be stated that the results
are robust. It weaves and bobs around the issue with lots of example robustness tests until
reaching the end but it would be more to the point if this was mentioned at the beginning.
3494 Agreed. A summary has been added in the second sentence.

Page 3496, line 5-21. It is not clear why the land+ocean data can produce positive skill
while the others individually can both produce negative skill. This is rather confusing at first
glance and can use some clarification.

3496 More detailed explanation has been added.

Page 3497, line 8. Delete “the” before “calculating”

—“—, line 23-25. Here, it should be stated what the full set of eight ensembles were.
Something like: “We tested eight ensembles that included. . .”

3497 Done.

3497 Done.

Page 3498, line 9. Change “analysis” to “analyses”

Line 18-19, Suggest changing “are highly spatially variable” to “have high spatial vari-
ability”

Both done.

Page 3499, line 8. It is not clear again what “representation error” means.

Figures: General comment 1: | suggest that the maps use an equal-area projection so that
the tropics (0-30) and extra-tropics (30-90) show that they have roughly equal area. A
simple linear in sin(latitude) transformation would be ok.

3499 More explanation added earlier (see comment to p3493), also "representativeness"
is now used, which seems more consistent with established usage.

General comment 2: The filled dots are very difficult to read in the printed version.

Figure 2: Given that “Coldest month” is one of the data sets, it would be useful to show it.
Figure 6: Basic descriptions of the three statistics shown on the Taylor diagram are needed
in the caption.

Figure 7. What about the other five ensembles? | suggest showing them despite their
negative results.

Interactive comment on Clim. Past Discuss., 8, 3481, 2012.

Figures: We agree that visualising the data is a challenge, but it seems hard to avoid with
data on such a fine grid. Figures 1 and 2 have been revised for clarity. We prefer to keep
the same projection, for consistency with our previous related work published last year in
CP.

Fig 6 caption fixed
Fig 2 and 7: Rather than include additional figures which would merely add length while

not further elucidating the results presented here, we would like to upload a supplement
comprising the derived model anomalies used in the analyses, along with the data used.
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Abstract. Paleoclimate simulations provide us with an op-
portunity to critically confront and evaluate the performance
of climate models in simulating the response of the climate
system to changes in radiative forcing and other boundary
conditions. Hargreaves et al. (2011) analysed the reliability
of the PMIP2 model ensemble with respect to the MARGO
sea surface temperature data synthesis (MARGO Project
Members, 2009) for the Last Glacial Maximum (LGM, 21ka
BP). Here we extend that work to include a new comprehen-
sive collection of land surface data (Bartlein et al., 2011),
and introduce a novel analysis of the predictive skill of the
models. We include output from the PMIP3 experiments,
from the two models for which suitable data are currently
available. We also perform the same analyses for the PMIP2
mid-Holocene (6ka BP) ensembles and available proxy data
sets.

Our results are predominantly positive for the LGM, sug-
gesting that as well as the global mean change, the models
can reproduce the observed pattern of change on the broadest
scales, such as the overall land-sea contrast and polar ampli-
fication, although the more detailed regional-sub-continental
scale patterns of change remains elusive. In contrast, our re-
sults for the mid-Holocene are substantially negative, with
the models failing to reproduce the observed changes with
any degree of skill. One likely-cause of this problem may
could be that the globally- and annually-averaged forcing
anomaly is very weak at the mid-Holocene, and so the re-
sults are dominated by the more localised regional patterns
in the parts of globe for which data are available. The root
cause of the model-data mismatch at regional-these scales
is unclear. If the proxy calibration is itself reliable, then
representation-representativity error in the data-model com-
parison, and missing climate feedbacks in the models are
other possible sources of error.

Correspondence to: J.C. Hargreaves
(jules@jamstec.go.jp)

1 Introduction

Much of the current concern over climate change is based
on leng-term-decadal to centennial forecasts from climate
models forced with increased GHG-greenhouse gas concen-
trations due to anthropogenic emissions. However, a direct
assessment of the predictive performance of the models is
not generally possible because the time scale of interest for
climate change predictions is typically for decades or cen-
turies into the future, so we cannot build up confidence and
experience via repeated forecasts on a daily basis as is typi-
cal in the field of weather prediction. Therefore, in order to
have confidence in the ability of the ensemble to provide a
believable-credible projection of future climates, we must try
to develop other methods for assessing the performance of
models in simulating climates which may be very different
to today.

Paleoclimate simulations provide us with an opportunity
to critically confront and evaluate the performance of cli-
mate models in simulating the response of the climate sys-
tem to changes in radiative forcing and other boundary con-
ditions. A particularly attractive feature of using paleocli-
mate simulations is that(, in contrast to the situation regard-
ing more recent climate changes)-it-is-uncontentious—that-,
the performance of models over these intervals has not been
directly used in their development. Therefore, these sim-
ulations provide a truly independent test of model perfor-
mance and predictive skill under substantial changes in ex-
ternal forcing. The extent to which such assessments may
then be used to imply skill for future forecasts is still, how-
ever, open to some debate, since not all the past climate
changes are necessarily relevant for the future. Therefore;
models-Models which provide the most realistic simulations
of past changes may not necessarily provide the most accu-
rate predictions of future change. Nevertheless, the poten-



tial of such assessments to help in evaluating model perfor-
mance provides strong motivation for research in this area.
The sparse and semi-qualitative nature of paleoclimatic data
(for example, interpretation as vegetation type) has motivated
the development of advanced but semi-quantitative meth-
ods, such as using fuzzy logic to measure model-data mis-
match (Guiot et al., 1999) and cluster analysis to classify
types of model behaviour (Brewer et al., 2007). With the ad-
vent of new more comprehensive syntheses of gridded paleo-
data (MARGO Project Members, 2009; Bartlein et al., 2011),
it becomes possible (ifnot-compelling)-to attempt more di-
rectly quantitative analyses of model performance, which we
undertake here.

The second phase of the Paleoclimate Modelling
Inter-eomparison-Intercomparison Project, PMIP2 (Bracon-
not et al., 2007a), established a common protocol of bound-
ary conditions for two different paleoclimate intervals, the
Last Glacial Maximum (LGM, 21lka BP) and the mid
Heleeene—mid-Holocene (MH, 6ka BP). Of the two, the
LGM represents by far the greatest change in climate with
significantly decreased concentration of atmospheric carbon
dioxide and-other—greenhouse-gasesjand other long-lived
greenhouse gases, and large ice sheets over the north-
ern hemisphere high latitudes. The climatic response was

characterised predominantly by a large-scale cooling, albeit

with substantial regional variation (Annan and Hargreaves,
2012). _The forcing of the mid-Holocene is more sub-
tle, with the only changes considered by the models being
that of orbital forcing, and a moderate decrease in atmo-
spheric methane. While this results in substantial changes

in the seasonal and spatial pattern of the insolation, the net

change-in-the-annual-and-global-mean-annual mean forcing
is rather small. Rather than large-global-changes;—perhaps
the-largest-climatic-changesduring-the-MH-related-globally
homogeneous changes, the mid-Holocene experienced a
number of more regional changes (Steig, 1999), with one

of the the largest relating to shifts in monsoon patterns ;
with-and the associated vegetation changes (Braconnot et al.,

2007b).

In this paper we extend our previous work presented
in Hargreaves et al. (2011), hereafter H11, which assessed
sea surface temperature at the LGM. We use several state of
the art proxy data syntheses for surface temperatures for both
the LGM and MH, and compare them to outputs from the
coupled atmosphere and ocean (AOGCM) and coupled atmo-
sphere, ocean and vegetation (AOVGCM) general circulation
models in the PMIP2 database. For the LGM we additionally
include the two models from the 3rd-phase-of PMIP-ongoing
PMIP3 (these—experiment for which sufficient output are
available at the present time). We perform analyses based
on quantitative model evaluation methods which are widely
used in numerical weather prediction. We first present a rank
histogram analysis to indicate reliability;-. Secondly we in-
troduce a skill analysis using two different reference base-
lines. We also we-present Taylor diagrams (Taylor, 2001).

J.C. Hargreaves et al: Paleoclimate multi-model ensemble skill

These diagrams are-a-way-of summarising-summarise three

conventional statistics, and have been widely used to analyse
climate model ensemble output in the context of the modern
climate. In addition, we introduce some simple modifica-
tions to these conventional statisies-statistics to account for
observational uncertainty.

In-this-paper;-we-We introduce the models and data used in
the analysis in Section 2. Then we overview the methods for
analysis of reliability and skill in Section 3. In Section 4 we
present the results from the LGM and MH, and this section
is followed by the discussion and conclusions.

2 Models and Data
2.1 Last Glacial Maximum

All the PMIP2 models analysed here-in this paper are either
physical coupled climate models comprising atmosphere,
ocean and sea ice components (AOGCMs), or additionally
including vegetation modules (AOVGCMs). One of the
models, ECBILT, is an intermediate complexity model (see
Table 1). For the LGM, the forcing protocol (Braconnot
et al., 2007a) comprises a set of boundary conditions in-
cluding large northern hemisphere ice sheets, altered green-
house gases including a reduction to 185ppm for atmospheric
carbon dioxide, a small change in orbital forcing, and al-
tered topography. There are some minor changes in the
multi-model ensemble compared to our previous analysis of
this ensemble ¢in HI11). Firstly, the output of the run from
IPSL has been updated. In addition, previously the number
of days in each month (which differs between-across mod-
els) was not taken into account when calculating the annual
mean from the monthly data. This has been corrected, mak-
ing a small difference to the values of the annual mean ob-
tained. We use-require both surface air temperature (SAT)
and sea surface temperature (SST) and-therefore-for our main
analysis, and therefore only use the 9 models in the database
for which both these variables are available. From-the-new

The boundary conditions for the PMIP3 experlments wvh&eh

iee-sheetreconstruetion-(see——(see http://pmip3.1sce.ipsl.fr/)
but—stil-are slightly revised, primarily in respect of the
ice_sheet reconstruction, but remain sufficiently similar to

fhe%e—fer—PNHPQ—fhat—a—pﬁethat it seems reasonable to

mede}%ﬂeﬂ%eefﬁfes—whiehﬁav&ww

where possible. We therefore also include two models from

the PMIP3 experiments for which SAT and SST outputs were
available. Thus we have a total of 11 models.



J.C. Hargreaves et al: Paleoclimate multi-model ensemble skill

Where centres have contributed more than one model

to our ensemble, to-aceountfor-theirlikely-similaritythere

are reasons to expect that these models will be particularl
similar to each other (Masson and Knutti, 2011) —Fable—+

mwmbmt
how to treat this. We start from the premise of assigning
equal weight to each model. However, including two model
pointless and indeed harmful as it would be equivalent to
double-counting one model and would therefore reduce the
effective sample size of our ensemble, degrading the results.
The only difference between MIROC3.2 and MIROC3.2.2
(which are both in the PMIP2 database) is that one minor
bug has been fixed in the latter, so we included only the latter
model in the ensemble. For substantially updated versions of
of the PMIP experiments) or AO_and AOV_versions we
would expect the differences to be rather greater. But,
ideally we should wish for each new model included in the
ensemble, to be not particularly more similar to one existing
main analysis assigns equal weight to each model, we also
test whether our results are changed by downweighting or

The proxy data_compilations that we use are largely
based on_two_recent syntheses of land (SAT) and ocean

SST) data. The ocean data comprise-is primarily that of
the MARGO synthesis (MARGO Project Members, 2009),

but with a small number of points having been updated
by Schmittner et al. (2011). These updated points may not be
fully hemegeneus-homogeneous with the original MARGO
dataset as the data error has not necessarily been estimated
in an identical way. The land pellen-data-peintsecomefrom

data is primarily the pollen-based compilation of Bartlein

et al. (2011)thereafter B11);,—which-is-a-, again with some
additions by Schmittner et al. (2011) which includes some

data from ice cores. The Bartlein etal. (2011) data set may be
considered somewhat more ad-hoc data set than the MARGO
synthesis, in that the data and error estimates have been di-
rectly drawn from the original literature in which the un-
derlying data were presented, rather than being recalculated
homogeneously across the data set as in MARGO Project
Members (2009). In addition, the temperature anomalies
inB+H— Bartlein et al. (2011) are taken relative to the core
tops in contrast to the modern World Ocean Atlas data that
were used to anchor the MARGO anomalies. lee-core-error
estimate-were-derived-through-a-variety of-methods—The SST
data are analysed on the MARGO 5 degree grid, while all the
land-points-SAT data are on a 2 degree grid. After removing

grid points for which SST information is unavailable in one
or more models (due to their differing land sea masks), there
are 309 SST points left for comparison with PMIP2, and 300
points for comparison with PMIP2+PMIP3. Our goal is to
assess the model response to imposed forcing, rather than
the forcing itself, so for the land data we remove those points
for which 50% or more of the grid peint-box area lies under
the model’s ice sheet. This affects 11 points, leaving 95 land
points for both PMIP2 and PMIP3. Thus we have a total of
404 points for comparison with PMIP2 and 395 for compar-
ison with the combined PMIP2 and PMIP3 ensemble.

Estimates of the data error uncertainty are included for all
the data points, although we note that the MARGO errors are
only defined in terms of their relative reliability;se-as-, As in

H11, we assume Gaussian-uneertainties-sealed-by+°Cthese
values can be interpreted as Gaussian uncertainties in degrees
Celsius, which gives an apparently plausible magnitude of
uncertainties. The resulting errors range from 0.24°°C to
6.4°°C across the data set—, with a large majority of values
lying in the range 1°C to 2.5°C. However, Annan and Har-
greaves (2012) found some cause for concern in these error
estimates and so we also test the sensitivity of our results
to_this. The model SST output was interpolated on to the
5 degree MARGO grid and the SAT onto the 2 degreeB1}-
_Bartlein et al. (2011) grid. We use equal weighting for each
grid box. The data ;-multi-medel-mean-and-data-and their
uncertainty are shown in Figure 1.

2.2 Mid-HeleeeneMid-Holocene

For PMIP2 the mid-Heloeeene-mid-Holocene protocol in-
cludes only two changes compared to the pre-industrial cli-
mate. The-erbitalforeing—is—Orbital forcing parameters
are changed, and the atmospheric methane is—moderately
deereased-concentration is decreased slightly (from 760ppb
to 650ppb). The eorbitalforcing—changes—the—seasonal
and-targe-seale spatial-changes in orbital parameters affect
the seasonal pattern of insolation. Glebally—and-annually

averaged;-Annually averaged, however, the insolation is the
same-everywhere very similar for pre-industrial and 6ka,

and—so we expect to see only a smalt-modest signal in
the annual temperataremean temperature field. Therefore,
i addii i ] , Gid

representations—of-our primary interest is in changes in the
seasonal temperature-signalcycle, although we also consider

annually averaged temperature. ~There are 11 AOGEM
AOGCMs and 6 AOVGCMs in the PMIP MH ensemble

that have both SAT and SST data available. There-is-only
one-AOVGEMOnly one of the AOVGCMs, ECHAM, that
does not have a counterpart AOGCM in our ensemble (see
Table 1). As well as the full ensemble we also analyse a
conservative ensemble where versions of the same model
are downweighted (as discussed in Section 2.1) so that each
underlying model has a total weight of 1.



For the land temperatures at the MH we use the pollen-
based dataset ofB++ Bartlein et al. (2011). This synthesis
includes estimates of annual average temperature as well as
the temperatures of the hottest and coldest months, which in-
dicate changes in the seasonal cycle. An uncertainty estimate
is also included for all points, which ranges from 0.04°C to
4.8°°C over all the variables. The values at the lower end

of this range appear particularly optimistic, and so we also
erform some sensitivity tests to investigate the robustness

of our results to these values. The number of data points
varies slightly between the different variables (between 615
and 638), and the data are very clustered with high density in
Europe and North America. The data, and the data error for
the hottest month are shown in Figure 2.

The “GHOST” SST dataset (Leduc et al., 2010) contains
annual average estimates of annually averaged SST at both
6ka and core-top for only 81 sites, and, while recognising
that the core top is not an ideal or wholly consistent refer-
ence point (as the dates, and therefore climates, represented
by the core tops may vary across the data set), we neverthe-
less take the difference between these two values to represent
the annually averaged MH temperature anomaly with respect
to the pre-industrial climate. Seasonal SST data are, as yet,
unavailable. Many of these points are quite close to the coast,
and due to varying coastlines in the models, SST output from
all models is available for only 42 points. Data uncertainties
are not readily available so for this analysis we assumed a 1
standard deviation error of 2°°C for all the points, which is
representative of the data uncertainty of the MARGO SSTs.

of our analyses were for the land only. These comprised the
anomaly for the annual average, and the hottest and coldest
the magnitude of the seasonal cycle would seem the most
obvious target for the MH, but there is some concern that
calculating the anomaly of the hottest month minus coldest
months may not provide a completely fair comparison with
the data as the same proxies are not used to compile the two
datasets. For the land and ocean together we analysed the
annual average anomaly only.

It is clear that for the MH the-data-although we have more
data points in total, the coverage is substantially more-sparse
and-less uniform than for the LGM and very sparse over large
areas. As with the LGM analysis, we give equal weight to
each data point. It is possible that the hottest month in the
tropics may not be the same for the models and data due to
the ways the calendars are configured (Joussaume and Bra-
connot, 1997). We have few data in the tropics, and the ac-
tual error in the value of the anomaly arising from this issue
is expected to be small, so we do not expect this to have a
significant effect on our results.
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3 Ensemble Analysis Methods
3.1 Reliability

To assess the reliability of the ensembles we adopt the same
approach used in several recent papers (Annan and Harg-
reaves, 2010; Hargreaves et al., 2011; Yokohata et al., 2011),
in which we interpret the ensemble as representing a proba-
bilistic prediction of the climate changes and assess its per-
formance by means of the rank histogram (Annan and Har-
greaves, 2010) formed by ranking each observation in the
ensemble of predictions for each data point. In the case of
a perfectly reliable ensemble (meaning that the truth can be
considered as a draw from the distribution defined by the en-
semble), the rank histogram would be flat to within sampling
uncertainty. For an ensemble that is too wide such that the
truth is close to the mean, the histogram is dome shaped.
Conversely an ensemble that is too narrow (often not includ-
ing the truth) has a U-shaped rank histogram, with large val-
ues in one or both end bins. The analysis for the PMIP2
LGM ensemble using only the MARGO dataset was already
performed in H11, and overall produced encouraging results.
In this analysis we extend this test by including land data. We
also analyse the performance of the ensemble at the MH, for
which a mederately large-ensemble-of runs-larger ensemble
of model simulations is available.

In order to make the models and data comparable, we fol-
low the same procedure as H11 to account for data uncer-

tainty, by adding random deviates ef-appropriate-magnitude
errors) to each model output before calculating the rank his-
togram. The purpose of this process is so that, if reality
was a sample from the model distribution, then the imprecise

observation will also be a sample from the distribution of
erturbed model outputs. We use the same statistical tests as

H11 to quantify the significance of any divergence from flat-
ness of the rank histogram (Jolliffe and Primo, 2008). The
rank histogram test is only a necessary but not sufficient test
of reliability, in that an ensemble which does not have a flat
rank histogram may be considered unreliable, but a flat rank
histogram does not necessitate reliability (Hamill, 2001). In-
deed, with a large enough ensemble and fine data coverage
we generally expect the ensemble to be unreliable at some
level, and thus this test is not whether the ensemble is per-
fect, but rather whether the limitations are so substantial as
to be immediately apparent with this standard test. In previ-
ous applications such as H11 and Yokohata et al. (2011), it
has been found that the ranks of nearby observations are of-
ten highly correlated, and therefore the effective number of
degrees of freedom are substantially lower than the number
of data points. In order to estimate the number of degrees of
freedom, we adopt the EOF analysis approach of Bretherton
et al. (1999), as used by Annan and Hargreaves (2011). That

is, rather than the conventional approach which typicall
uses a sequential series of fields, we calculate the EOFs of
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the ensemble of modelled equilibrium states. Analysing the
LGM fields of SAT and SST for the model ensembles, we

estimate a value of 8 degrees of freedom, which we use
throughout our analyses. Our results are insensitive to rea-
sonable changes in this value.

3.2 Skill

The concept of model skill in climate science has been oc-
casionally touched upon, but it has rarely been clearly and
quantitatively defined (Hargreaves, 2010). Here we use the
term skill in the sense in which it is in common use in nu-
merical weather prediction, which is as a relative measure of
performance: skill compares the performance of the forecast
under consideration, to that of a reference technique (Glick-
man, 2000). Perhaps the most straightforward of these is the
skill score (SS) defined by

_ Ey
SS—l—(Emf) (1

where E is the error of the forecast under evaluation, and
E,.y is the error of the reference technique. A perfect fore-
cast will have a skill score of 1, one which has errors equal
to that of the reference will have a skill score of 0, and a
negative skill score implies that the errors of the forecast are
greater than that of the reference. It is conventional to de-
scribe a forecast with positive skill score as “having skill”,
but note that this is always defined relative to a specific ref-
erence. So for example, using a root mean square difference
to evaluate the forecast, one has,

(@)

where m; are the forecast results, o; the data and n; the ref-
erence. According to this equation, however, in the presence
of error on the data, even a perfect model (where the model
prediction precisely matches reality) would not achieve a
skill of 1. Especially in the case of paleoclimates, the un-
certainty on the data is often substantial (Hargreaves et al.,
2011), and must be taken into account for a fair evaluation.
We therefore modify equation (1) as follows:

2 (mi—0i)> =3 (€7)
2(ni—0i)* =32(ef)

where e; are the one standard deviation uncertainties on
the observations. The numerator and denominator in the frac-
tion have here been adjusted to account for the observational
errors, under the assumption that these are independent of the
forecast errors. Note that the skill score here becomes unde-
fined if either the model or the reference agrees more closely
with the data than the data errors indicate should be possible.
Such an event would be evidence either that the data errors
are overestimated, or else that the model had already been

S=1- 3)

over-tuned to the observations. In principle, no model should
agree with the data with smaller residuals than the observa-
tional errors, since even reality only just achieves this close
a match, and then-only-only then if the observational errors
have not been under-estimated.

For the obvious reason that long-term forecasts are have
not been generally realised in climate models, skill anal-
yses of this nature for climate model predictions are rare.
One simple analysis was performed by Hargreaves (2010),
which indicated that, at least on the global scale, the 30
year forecast made by Hansen to the USA congress in 1988
had some skill(regional-data-, Unfortunately, regional data
from this forecast were not available for testing). We are not
aware of previous analyses of model skill for paleoclimates
and it has not been established what might be an appropri-
ate reference forecast for such calculations. In numerical
weather prediction, persistence (that tomorrow’s weather is
the same as today’s) is a common baseline for short-term

forecast evaluation. However, for seasonal prediction, and
seasonal-predietionfwhere persistence is clearly inappropri-
atey-may-use-the-, it would be more usual to use the seasonal

climatology as a reference. An analogous reference for cli-
mate change predictions might be that the climate persists,
that is, a reference of no change. It should be clear that this
is a rather minimal baseline to beat, only requiring that the
model predicts any forced response at each location to within
a factor of anywhere between 0 and 2 times the correct am-

plitude (on average). On the other hand, it is worth checking,
as it provides a baseline test as to whether the models are

responding in a qualitatively appropriate manner. We might
reasonably hope for our models to perform rather better than

this, and provide a useful prediction not only of the overall
magnitude, but also the spatial pattern of change. Thus we
also employ a second reference to tests-test the pattern of the
change more directly. For this reference forecast, the climate
change is assumed to be a uniform change equal to the mean
change of the available data. This represents the case of a
perfectly-tuned zero dimensional energy balance, in which
the global mean temperature change is predicted which opti-
mally matches the data, but without any information on the
spatial pattern. In order to have skill with respect to this ref-
erence, the model must also represent the spatial pattern of

change relative to this global mean.

3.3 Conventional Taylor Diagram analysis

We also present an analysis of the model outputs in terms
of the conventional statistics of (centred) RMS difference,
correlation and field standard deviation which will be fa-
miliar to many readers. Such values are conveniently pre-
sented in a Taylor diagram (Taylor, 2001) which summarises
these three values with a single point. The usual calcu-
lation and presentation of these statistics does not account
for observational uncertainty, and Taylor (2001) only sug-
gests investigating the effect that this might have on the re-



sults through the use of multiple data sets, which we do
not have here. However, since we do have estimates of
observational uncertainty, we can instead adjust the statis-
tics to account for this. We present our results based on
two approaches. First, we present the conventional results,
without accounting for observational uncertainty, but also
indicate where a hypothetical “perfect model” (which ex-
actly matches the real climate system) sheutd-would be lo-
cated. This is straightforward to calculate (under the natural
assumption that observational errors are independent of the
climatic variables), as its normalised RMS difference from
the aetual—ebsefvaﬁeﬂs—shﬁu}d—equal—fhe—RM&gppg;fgg
observations will be just the root mean square of the observa-
tional errors;and-the-observational-standard-deviation-is-the
sum-(inquadrature)-of-that-of-the-underlying-(but-unknown)

true—fielduncertainties divided by the standard deviation of
the observations, and the errors-

Anfield standard deviation will add in quadrature to the
errors to give the observational standard deviation, thus
sd?, ., = sd?,, — 8d2,..rs. We also present an alternative ap-

proach, iste-in which we correct the statistics for each model,
to indicate where they should-be-would be expected to lie
relative to perfect observations. This is alse-a-an equally
simple calculation when error estimates are knewngiven, as

for example the RMS model-truth difference is calculated b
subtracting (again, in quadrature) the estimated errors from

4 Results
4.1 Last Glacial Maximum analyses
4.1.1 LGM Reliability

Figure 3 shows the reliability analysis for the combined LGM
ensemble of 11 models for all the points at which we have
data. Overall, the ensemble has a rank histogram which can-
not be statistically distinguished from uniform (Figure 3 (b)),
and the differences between the data and the ensemble mean
(Figure 3 (c)) are mostly of similar magnitude to the uncer-
tainty in the data. Looking at the map in Figure 3 (a), there
are some patches that are predominantly red or blue, indicat-
ing the spatial limit to the reliability. Analysing the ocean
and land data separately (Figure 4) we find that, assuming 8
degrees of freedom, the ensemble is statistically reliable with
respect to both. However we note that the histogram for the
land (Figure 4 (¢)) has a fairly large peak at the left hand side,
indicating that the ensemble tends to have a greater anomaly
than the data. It is also apparent that the difference between
the ensemble mean and the data is larger for the land than for
the ocean (Fig 4 (d)). This model-data difference exceeds the
quoted data uncertainty much more frequently for the land
than for the ocean.
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Paleoclimate data are derived from measurements made
from cores drilled into the surface of the earth at discrete lo-
cations. The open ocean may be considered laterally quite
well mixed, whereas land has many more local features due
primarily to high resolution topography. Thus it may be
more difficult to derive a representative grid box average
temperature from the-proxy data for direct comparison with
the models over the land, than over the ocean. On the grid
scale of the models, one sees more variation over land than
ocean, but even so it is likely that the resolution-at-the-finest

seales—there—is—under-represented—(models have inadequate
spatial variability at this scale due to smoothing in the forc-

ing, boundary conditions, and dispersion in the model nu-
merics). Thus it is understandable that the model data mis-

match is greater over the land —ltis-importantthatmere-work

D ] D

as-possibledue to this “representativeness” error (so called
because the issue is not that the data are erroneous per
se, but rather that they may not represent the observational

updated-With this in mind, we performed some sensitivity
analyses into our treatment of the ensembles and the errors,
which demonstrate overall that our results appear to be robust
to_these choices. Focussing first on the issue of model
similarity (discussed above in Section 2.1) we do find that
in_terms of correlation and RMS_differences, successive
generations of models from a single centre, or AQ_and
AOV versions of the same modelés&eh—&s—fmght—eﬂst—m

b&m%p&rﬁeuﬁﬂymg@& more snmlar to eﬂeeaa%ﬁﬂg
model-than-itis-to-all-the-others—

With this-in mind: . I |
into—our-treatment-ofthe-ensembles—Exeluding-the-each
other than to other models in the sample. Therefore, we
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first excluded the two PMIP3 models which provide both
SAT and SST. This does not make a difference to the level
of reliability, a result consistent with the suggestion that
CMIP3 and CMIP5 models do not appear to have substan-
tially different behaviour in distribution (though with only
two PMIP3 models, any difference would be hard to de-

tect in any case). Aﬂaiy%mg—SAT—a}eﬂeﬂ‘—eFme%&FPM{P%

As an alternative to excluding models, we also tested down
weighting models which were related in this way, assignin

half weight to each membefe#eael%pﬁeﬁela{ed—mede}&m
the-ensemblemodel in the pair. In the case of our 11 member

ensemble, this means that the PMIP2 and PMIP3 IPSL mod-
els had half-weight each as did the PMIP2 HadCM2 AO and
AOV models. The results of the rank histogram analysis are
not significantly different for those using the whole ensemble
equally weighted.

Due to our concerns over the magnitude of the data
uncertainties (Annan and Hargreaves, 2012), we also tried
10 2°C (close to the mean of the individual error estimates).
OQur results are unchanged by this alteration.

4.1.2 LGM Skill

Figure 5 shows the results for the skill calculations for the
LGM anomaly. For the PMIP2 and PMIP3 models we anal-
ysed ocean and land both separately and together, and we
also calculated the skill for the multi-model mean along with
each model individually. For the first reference forecast, of
a zero LGM anomaly, there is skill for both the land and the
ocean individually, and both combined. As expected (Annan
and Hargreaves, 2011) the multi-model mean performs rela-
tively well. Thus we can see that in general the models are
producing a cooling that, overall, is of the same scale as the
data. As mentioned above, this is, however, a rather limited
test. A skill score of 0.5 indicates that the modelled anoma-
lies are typically 50% greater or smaller than observed.

The second reference forecast is of a uniform field equal to
the data mean. This provides a much greater challenge to the
models, as they have to not merely-only reproduce a broad-
scale cooling of the correct magnitude (which the reference

forecast already achieves), but must also represent the spa-
tial pattern and magnitude of changes. While on the face of
it, this still does not seem like a highly challenging require-
ment (given the well-known phenomena due to land-ocean
contrast and polar amplification), none of the models have
high skill against this reference, and in fact more than half the
models have negative skill when assessing the land and ocean

separately(which-eliminates-the-strong-, Separate assessment

of these data sets eliminates the influence of the large land-
sea contrast jand thereby provides a stiffer challenge. The
skill of the multi-model mean is generally greater, especially
for the ocean where it outperforms all of the ensemble mem-
bers, and is also positive for the land. This indicates that
the broad scale features which are-whatremainsremain after
the models are averaged, do bear some relation to the spatial
pattern in the data.

The combination of land and ocean together shows
much improved skill for all the models compared to the

W land and ocean separatelyﬂﬂdic—aﬁﬂgfhﬂﬁhe
em%%ehaﬁge%m%%@g&a%m
reatly improved performance is that the land-ocean contrast
itself is a fairly dominant feature of the climate state which
is reasonably well represented in the models, even when the

cannot accurately represent the spatial patterns on either land
or ocean. This is encouraging, especially in light of recent

work (Schmittner et al., 2011) in which an intermediate com-
plexity model underestimated-appeared to underestimate this
land-sea contrast significantly. In the data, the LGM anomaly
is larger over the land than the ocean, with the simple aver-
ages of the data points (making no attempt to account for
spatial distribution) over these regions being -6.532°C and -
1.982°C respectively, giving a land-ocean ratio of 3.30. For
the models, the averages over the datapoints-data points are
from -3.592°C to -9.002°C over the land and from -1.882°C
to -2.952°C over the ocean, and the land-ocean ratios range
from 1.90 to 3.09. So the data ratio is outside the model
range, but not necessarily to an alarming degree. It seems
plausible that missing forcings (such as dust forcing) may
have more effect over land than ocean (Schmittner et al.,
2011), which could imply the error is more in boundary con-
ditions rather than models themselves. Overall it must be
noted that the levels of skill are not particularly high based
on either of the two reference forecasts, suggesting that much
of the regional-to-fine-seale-sub-continental spatial pattern of
the change is not being reproduced by the models and that
there is plenty of scope for improvement.

4.1.3 LGM Taylor Diagram

Conventional statistics are presented in the form of a Taylor
diagram in Figure 6. The modelled LGM anomalies shown
in the top plot have correlations with the data which range
from around 0.4 to almost 0.7, with a centred RMS differ-
ence which is somewhat lower than the standard deviation of



the data itself (which is 3.5-2°C in this case). However, ob-
servational errors are quite large, as is indicated by the loca-
tion of the theoretical “perfect model”. The lower plot shows
that if instead we had “perfect data” with no observational
uncertainty, we could expect the correlations to mostly lie in
the range 0.6-0:8—0.8 and the RMS difference from the data
would also be substantially smaller.

4.2 Mid-Heloeene-Mid-Holocene analyses -— reliabil-
ityand-, skill, and Taylor diagrams

For the MH we have-ne-seasonal-information-for-the-oceanse
mest-of our-analyses-were-fortheland-only—These-comprised

the-anomaly-analysed eight ensembles. For both the full
and conservative ensembles we analysed the temperature
anomalies for the annual average, and the hottest and cold-
est months. Given-thenature-of-the foreing,—thechange-in

For the annual average we made separate analyses with

and without including the GHOST ocean data. The results
obtained are-indeed-for the MH are mostly negative for both

the reliability and skill analyses. Of all the analyses, only
three ensembles are not shown to be unreliable (through
significantly non-uniform rank histograms), and even these
are elearty-visibly tending towards being U-shaped (see Fig-
ure 7). These are the mean temperature anomaly for land and
ocean for the conservative ensemble (where we downweight
similar models), and the coldest month anomaly for both the
full and conservative ensembles. The anomaly for the hottest
month is unreliable. This anomaly is also considerably larger
in the models than that of the coldest month, and thus al-
though we do not directly test it, we anticipate—expect that
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the anomaly in the seasonal cycle is also unlikely to be reli-
ably predicted by the models.

For the skill analysisanalyses, the picture is even worse,
with most models having negative skill for most target data
sets, and no models or model means having skill greater
than 6:64-0.1 (not shown). There is no indication in the
skill results, or in an analysis of the RMS model-data dif-
ferences, that the AOVGCMs models perform any better
than the AOGCMs. This is somewhat disappointing as it is
widely thought that vegetation feedbacks had a strong influ-
ence on the climate of the MH interval. The nearest-thing

be-ebtainedbest results in these analyses were when we tested
ocean (annual mean) data only, and in this case a majority of

models exhibited very small positive skill. The Taylor dia-
gram (Figure 6) also indicates similarly-poor results for the

MH hottest month. Correlations are typically negative (albeit
small), and the model fields exhibit substantially too small
variability. In contrast to the situation for the LGM in Sec-
tion 4.1.3, accounting for observational uncertainty (which
is estimated to be relatively small) does not improve these
results significantly.

I ol £ corthe ML s srineinall ]

i As is the case for the LGM data, some of
the observational error estimates appear optimistic, reaching
values as low as 0.04°C. Therefore, we tested the impact of
replacing the stated error estimates with a spatially uniform

5 Discussion

Our results for the LGM are generally positive, indicating
that state of the art climate models are responding to these
large changes in boundary conditions in a manner which
reasonable.  The large-scale cooling_simulated by most
models has an appropriate magnitude and the pattern shows
reasonable agreement with the data, primarily dominated by
land-ocean contrast and polar amplification. These results
are not surprising, being consistent with (and extending)
the analysis of H11, but it may be the first time that this
has been shown in a quantitatively detailed manner using
comprehensive global data sets. Even for the LGM, thereare

E hicl Fg ! : onin telat il i
seales- IH efdef te more—clear jl f‘hs“l the fegieﬂa pat‘tefﬂs
we-have-however, the sub-continental patterns show weaker
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agreement with data, as is indicated by the rather poor skill
temperature change. On average, the agreement between
models and data at the LGM is a little better over the ocean
than over land. The high spatial variability in some land
data, and limited model resolution, suggests that part of this
mismatch may be due to “representativeness” errors.

The MH lacks the strong annual mean forcing at the MH
that was present at the LGM, and we have seen from the
LGM results that the models perform better at the large
greater challenge for the ensemble. The challenge is further
increased beacause, in comparison with the LGM, for the
MH we have far more land data points and far fewer ocean
points. Thus the “representativeness” error alone could cause
the model-data disagreement to be greater for the MH than
LGM. The data are not distributed around the globe at the
MH, with high density in Europe and North America, but
very poor coverage elsewhere on land and in the oceans.

Consistent with these expectations, we find that the MH
results are substantially poorer in all respects. Indeed the
ensemble is largely unreliable at the MH, with essentially
from examination of the data that there are coherent spatial
patterns in reality that are not quantitatively reproduced by

the models. To make this point more clearly, we rebinned
the data and the multi-model mean for the hottest month te

into 10 degree boxes. The result is shown in Figure 8. In
Europe and Africa, the anomaly appears predominantly pos-
itive and is greater at lower latitudes. In North America, the
anomalies are smaller and more mixed. The data are, how-
ever, generally sparse so it is far from certain whether or not
there is a significant spatial pattern in the data. What is clear
is that to the extent that there is a pattern in the data across
these regions, it is substantially different to that of the multi-
model mean response to the forcing. Thus it appears that
the model-data mismatch is not just due to high-frequeney
noise—The-reasons—behind-this—sub-grid-scale variability.
It should be noted that the models are responding to the
applied forcing much in the way that would be expected
directly relating to the changes in radiative forcing, and little
likely that missing or erroneous feedbacks in the models
are_contributing to_the mismatch. Poor representation of
vegetation itself is one possible cause, though it should also
be noted that climate models have limited ability to represent
fine details of precipitation which, while not directly tested
cover. Improved global data coverage should help to clarify
the source of model-data mismatch—on—theregional-secale

o furthor i o both_il foland_d
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While more qualitative approaches have produced some
positive results for the MH (Brewer et al., 2007), our direct
comparison of gridded data to model output highlights the
substantial discrepancies. When considering only ocean
data, Schneider et al. (2010) and Lohmann et al. (2012) found
positive correlations between model results and proxy data,
but also showed their models to greatly underestimate the
magnitude of the changes. When we use only ocean data, we
skill for the annual mean temperature change, but only at
an extremely low level (typically less than 0.02 in absolute
magnitude). The correlations are somewhat larger, averaging
0.3 across the ensemble. Understanding and reducing the
discrepancy in magnitude of response between models and
data remains a major challenge.

6 Conclusions

In this paper we extended our previous analysis of the LGM
to include more data, more models, and the MH interval.
We also performed the first conventional analysis of predic-
tive skill for paleoclimate GCMs, and present Taylor dia-
gram summaries for both intervals. In these model-data com-
parison exercises, we have obtained generally positive and
encouraging results for the LGM, showing that the models
produce generally reasonable and informative predictions of
the large-scale response to strong forcing. However, limi-
tations are apparent at finer scales. The model-data mis-
match is quite large but it is possible that representation
representativeness error in the data is obscuring the signal,
particularly on land.

The MH, with its much smaller net climate forcing, clearly
highlights the difficulties of reproducing regional-seale
sub-continental scale patterns of climate change. For this
experiment the global climate change signal is very small,
and the changes are regional-sub-continental and seasonal
in nature, possibly involving significant vegetation feed-

backs. Wefind-thatfor—the MH;—the—ensemble—islargely




For the point of view of directly using existing models
to constrain future climate, the LGM with its large forcing
seems the most promising of the two experiments (eg Harg-
reaves et al., 2012). However, climate science is now facing
the challenge of predicting future changes on regional scales,
which includes the requirement to correctly model vegeta-
tion and many other feedbacks. Our results provide some
sobering evidence of the limits to the ability of current mod-
els to accurately reproduce the local patterns of change that
are seen in paleoclimate data. Therefore, unlocking the rea-
sons for the local to regional model-data mismatch for pa-
leoclimates should be a powerful contribution to furthering
progress in this area.

Both data and model archives are subject to change.

The model output used here were obtained from the model
archives in mid-2012. The data were obtained from Andreas

Schmittner’s website, and directly from Pat Bartlein around
derived output from the models, and the data that we used, in
a supplement to this paper.

Acknowledgements. We are particularly grateful to Pat Bartlein for
his considerable patience while helping us to use the pollen data
sets for the LGM and MH, and the GHOST dataset for the MH.
Two anonymous reviewers also made a large number of helpful
suggestions. This work was supported by the S-10-3 project of
the MoE, Japan and by the Sousei project of MEXT, Japan. We
acknowledge all those involved in producing the PMIP and CMIP
multi-model ensembles and data syntheses, without which this work
would not exist. We acknowledge the World Climate Research
Programme’s Working Group on Coupled Modelling, which is re-
sponsible for CMIP, and we thank the climate modeling groups for
producing and making available their model output. For CMIP the
U.S. Department of Energy’s Program for Climate Model Diagno-
sis and Intercomparison provides coordinating support and led de-
velopment of software infrastructure in partnership with the Global
Organization for Earth System Science Portals.

References

Annan, J. D. and Hargreaves, J. C.: Reliability of the CMIP3 ensem-
ble, Geophysical Research Letters, 37, L02703, doi:10.1029/
2009GL041994, 2010.

Annan, J. D. and Hargreaves, J. C.: Understanding the CMIP3 mul-
timodel ensemble, Journal of Climate, 24, 4529-4538, 2011.

Annan, J. D. and Hargreaves, J. C.: A new global reconstruction of
temperature changes at the Last Glacial Maximum, Climate of
the Past, (In press), 2012.

Bartlein, P., Harrison, S., Brewer, S., Connor, S., Davis, B., Gajew-
ski, K., Guiot, J., Harrison-Prentice, T., Henderson, A., Peyron,
0., Prentice, I. C., Scholze, M., Seppad, H., Shuman, B., Sugita,
S., Thompson, R. S., Viau, A. E., Williams, J., and Wu, H.:
Pollen-based continental climate reconstructions at 6 and 21 ka:
a global synthesis, Climate Dynamics, 37, 775-802, 2011.

J.C. Hargreaves et al: Paleoclimate multi-model ensemble skill

Braconnot, P. et al.: Results of PMIP2 coupled simulations of the
mid-Holocene and Last Glacial Maximum, Part 1: experiments
and large-scale features, Climate of the Past, 3, 261-277, 2007a.

Braconnot, P. et al.: Results of PMIP2 coupled simulations of the
Mid-Holocene and Last Glacial Maximum-Part 2: feedbacks
with emphasis on the location of the ITCZ and mid-and high
latitudes heat budget, Climate of the Past, 3, 279-296, 2007b.

Bretherton, C., Widmann, M., Dymnikov, V., Wallace, J., and
Bladé, 1.: The effective number of spatial degrees of freedom of
a time-varying field, Journal of Climate, 12, 1990-2009, 1999.

Brewer, S., Guiot, J., Torre, F., et al.: Mid-Holocene climate change
in Europe: a data-model comparison, Climate of the Past, 3, 499—
512,2007.

Glickman, T.: 2000: Glossary of Meteorology, Amer. Meteor. Soc,
2000.

Guiot, J., Boreux, J., Braconnot, P., and Torre, F.: Data-model com-
parison using fuzzy logic in paleoclimatology, Climate dynam-
ics, 15, 569-581, 1999.

Hamill, T.: Interpretation of rank histograms for verifying ensemble
forecasts, Monthly Weather Review, 129, 550-560, 2001.

Hargreaves, J. C.: Skill and uncertainty in climate models, Wiley
Interdisciplinary Reviews: Climate Change, 1, 556-564, doi:10.
1002/wcce.58, 2010.

Hargreaves, J. C., Paul, A., Ohgaito, R., Abe-Ouchi, A., and An-
nan, J. D.: Are paleoclimate model ensembles consistent with
the MARGO data synthesis?, Climate of the Past, 7, 917-933,
doi:10.5194/cp-7-917-2011, 2011.

Hargreaves, J. C., Annan, J. D., Yoshimori, M., and Abe-Ouchi, A.:
Can the Last Glacial Maximum constrain climate sensitivity?,
Geophysical Research Letters, 39, doi:10.1029/2012GL053872,
2012.

Jolliffe, I. and Primo, C.: Evaluating Rank Histograms Using De-
compositions of the Chi-Square Test Statistic, Monthly Weather
Review, 136, 2133-2139, 2008.

Joussaume, S. and Braconnot, P.: Sensitivity of paleoclimate simu-
lation results to season definitions, J. Geophys. Res, 102, 1943—
1956, 1997.

Leduc, G., Schneider, R., Kim, J.-H., and Lohmann, G.: Holocene
and Eemian sea surface temperature trends as revealed by
alkenone and Mg/Ca paleothermometry, Quaternary Science Re-
views, 29, 989-1004, 2010.

Lohmann, G., Pfeiffer, M., Laepple, T., Leduc, G., and Kim, J.:
A model-data comparison of the Holocene global sea surface
temperature evolution, Climate of the Past Discussions, 8, 1005—
1056, 2012.

MARGO Project Members: Constraints on the magnitude and pat-
terns of ocean cooling at the Last Glacial Maximum, Nature Geo-
science, 2, 127-132, doi:10.1038/NGEO411, 2009.

Masson, D. and Knutti, R.: Climate model genealogy, Geophys.
Res. Lett, 38, L0O8 703, 2011.

Schmittner, A., Urban, N., Shakun, J., Mahowald, N., Clark, P,
Bartlein, P., Mix, A., and Rosell-Melé, A.: Climate Sensitivity
Estimated from Temperature Reconstructions of the Last Glacial
Maximum, Science, 334, 1385-1388, 2011.

Schneider, B., Leduc, G., and Park, W.: Disentangling seasonal sig-
nals in Holocene climate trends by satellite-model-proxy integra-
tion, Paleoceanography, 25, PA4217, 2010.

Steig, E.: Mid-Holocene climate change, Science, 286, 1485-1487,
1999.



J.C. Hargreaves et al: Paleoclimate multi-model ensemble skill

Taylor, K.: Summarizing multiple aspects of model performance in
a single diagram, J. Geophys. Res, 106, 7183-7192, 2001.

Yokohata, T., Annan, J., Collins, M., Jackson, C., Tobis, M., Webb,
M. J., and Hargreaves, J. C.: Reliability of multi-model and
structurally different single-model ensembles, Climate Dynam-
ics, 39, 599-616, doi:10.1007/s00382-011-1203-1, 2011.

11



12 J.C. Hargreaves et al: Paleoclimate multi-model ensemble skill
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Fig. 1. (a) LGM temperature anomaly for the data.The colorbar axes are chosen to best display the data. The actual minimum and maxi-
mum are -162°C and 6.322°C (b) The value of the uncertainty on the annual mean included in the data synthesis. Max.=6.42, Min.=0.24
Mean=1.73.
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Fig. 2. Mid-Heteeene-Mid-Holocene temperature anomaly for the hottest month: (a) Data, Max.=10.02°C, Min.=-20.13N°C, (b) Data error,

Max.=3.3, Min.=0.05, Mean=0.96
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(a) Rank of data in model ensemble.
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Fig. 3. (a) The rank of the data in the 11 member LGM ensemble. (b) Rank histogram of the ranks in plot (a). (c) The histogram of the
difference between the ensemble mean and the data for each data point in plot (a). A low rank indicates that the climate change is greater in
the models than the data.
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(a) Rank histogram for ocean points
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Fig. 4. Rank histograms and mean bias histograms for the LGM anomaly, considering the ocean and land separately.

Table 1. Overview of the model versions used in the different ensembles analysed. The names correspond to the filenames in the PMIP2 and
CMIP5 databases. “ECBILT is the only EMIC in the ensemble. All the other models are full general circulation models.

Model PMIP2 LGM AOGCM PMIP2 LGM AOVGCM PMIP3 LGM PMIP2 MH AOGCM  PMIP2 MH AOVGCM
CCSM CCSM3 CCSM3

CNRM CNRM-CM33

CSIRO CSIRO-MK3L-1.1*

ECBILT* ECBILTCLIO ECBILTLOVECODE ECBILTLOVECODE
ECHAM ECHAMS53-MPIOM127-LPJ ECHAMS53-MPIOM127-LPJ
FGOALS FGOALS-1.0g FGOALS-1.0g

FOAM FOAM FOAM

GISS GISSmodelE

HadCM3  HadCM3M2 HadCM3M2 UBRIS-HadCM3M2a UBRIS-HadCM3M2
IPSL IPSL-CM4-V1-MR IPSL-CM5A-LR  IPSL-CM4-V1-MR

MIROC MIROC3.2.2

MPI MPI-ESM-P

MRI-nfa MRI-CGCM2.3.4nfa MRI-CGCM2.3.4nfa

MRI-fa

MRI-CGCM2.3.4fa

MRI-CGCM2.3.4fa
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the results using the second reference, that the LGM anomaly is equal to the data mean.
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(a) Conventional Taylor Diagram
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(b) Adjusted Taylor Diagram
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Fig. 6. Taylor diagrams for the LGM mean temperature anomaly and MH hottest month anomaly. Distance from origin indicates standard
deviation of field, distance from reference point indicates centred RMS difference between model and data, and pattern correlation is given
by the azimuthal coordinate. The top plot shows conventional analysis, with the location of the “perfect model” indicated for comparison.
The lower plot shows the analysis where model statistics are corrected to account for observational errors. All results are normalised by the
standard deviation of the data fields.
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“Reliable” Mid Holocene Rank Histograms
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Fig. 7. Rank histograms for the three out of the eight ensembles analysed for the mid-Holocene which passed the statistical test for reliability.
They nevertheless show a tendency towards being too narrow.
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Fig. 8. The hottest month MH anomaly rebinned onto a 10 degree grid, to more clearly illustrate the model-data mismatch on the regional
sub-continental scale.



