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Evaluation of CMIP5 palaeo-simulations to
improve climate projections
S. P. Harrison1,2*, P. J. Bartlein3, K. Izumi3,4,5, G. Li2, J. Annan6, J. Hargreaves6, P. Braconnot4
and M. Kageyama4
Structural differences among models account for much of the uncertainty in projected climate changes, at least until the
mid-twenty-first century. Recent observations encompass too limited a range of climate variability to provide a robust test
of the ability to simulate climate changes. Past climate changes provide a unique opportunity for out-of-sample evaluation
of model performance. Palaeo-evaluation has shown that the large-scale changes seen in twenty-first-century projections,
including enhanced land–sea temperature contrast, latitudinal amplification, changes in temperature seasonality and scaling
of precipitation with temperature, are likely to be realistic. Although models generally simulate changes in large-scale circulation sufficiently well to shift regional climates in the right direction, they often do not predict the correct magnitude of these
changes. Differences in performance are only weakly related to modern-day biases or climate sensitivity, and more sophisticated models are not better at simulating climate changes. Although models correctly capture the broad patterns of climate
change, improvements are required to produce reliable regional projections.

S

tate-of-the-art climate models were used during the fifth phase
of the Coupled Model Intercomparison Project (CMIP5, see
Box 1) to provide information about the likely evolution of climate over the twenty-first century, with additional experiments to
analyse the uncertainties inherent in these projections1. Evaluation
of the CMIP5 historical (that is, twentieth-century; Supplementary
Table 1) experiments shows that the simulation of modern climate has improved compared with simulations made as part of
CMIP3. In particular, the current generation of models reproduces
continental-scale surface patterns and long-term trends in temperature, and shows an improved ability to capture continental-scale
precipitation patterns and reproduce the statistics of leading modes
of climate variability such the North Atlantic Oscillation, El Niño–
Southern Oscillation and Quasi-Biennial Oscillation2. Nevertheless,
models that perform equally well for present-day climate produce very different responses to anthropogenic forcing (that is, in
Representative Concentration Pathway (RCP) scenario simulations;
Supplementary Table 1). The largest component of the uncertainty
in model projections in the first part of the twenty-first century
stems from differences between the response of individual models
to the same forcing rather than internal variability or differences
between the forcing scenarios themselves3. Differences between the
climate forcing scenarios become more important by the end of the
century 4, but intermodel differences still play a role in amplifying
the scenario-related uncertainties and, indeed, still play a dominant
role in explaining regional differences3,5,6.
Past climates provide an opportunity to evaluate model performance outside the range of recent observed climate variability.
Palaeoclimate simulations of the Last Glacial Maximum (LGM,
21 kyr ago) and mid-Holocene (6 kyr ago) were included in the
CMIP5 simulations for this reason (Supplementary Table 1). Neither

of these periods provides an analogue for the future evolution of
climate — indeed, no past climate state provides a direct analogue
for the future — but the change in forcing at the LGM was of similar
magnitude (of the order of 3–6 W m–2) to that projected for the next
century 7, whereas the mid-Holocene provides an opportunity to
evaluate simulations at a time of radically changed seasonality. Both
periods have been foci for synthesis of palaeoclimate reconstructions8,9. Palaeoclimate evaluation using mid-Holocene and LGM
climate reconstructions can help both to explain why the simulated
mean response differs between models and to determine whether
the upper or lower part of the range of response to future changes in
forcing is inherently more likely to be realistic.
In a review of the potential of the CMIP5 palaeoclimate experiments to quantify uncertainties in model projections, six objectives were identified for the palaeoclimate simulations, including:
(1) identification of robust features of past and future climates;
(2) evaluation of model ability to simulate regional climate changes;
(3) multi-parameter evaluation of overall model skill; (4) improvements in model performance between CMIP3 and CMIP5 in the
simulation of large climate changes; (5) provision of well-founded
constraints on climate sensitivity; and (6) evaluation of the role and
magnitude of feedbacks. Analyses of many aspects of the CMIP5
palaeosimulations have now been completed and considerable progress has been made in addressing these six tasks. Our goal here is
to synthesize and update these results, and to discuss their implications for the reliability (or otherwise) of future projections. We
focus on the mid-Holocene and LGM simulations because these are
the time periods for which there are global data sets of quantitative climate reconstructions8,9 and because they have been examined with several generations of models10–13, allowing us to assess
the evolution of model performance. However, we also draw on
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Box 1 | The relationship between the CMIP and the PMIP.

The CMIP was set up in 1995 by the Working Group on Coupled
Modelling of the World Climate Research Programme to provide a
standard experimental protocol for studying climate changes using
coupled atmosphere–ocean general circulation models. CMIP
provides a community-based infrastructure in support of climate
model diagnosis, validation and intercomparison. Initially, CMIP
archived and analysed outputs from model ‘control runs’ in which
climate forcing was constant, and idealized simulations in which
atmospheric CO2 concentration was increased either abruptly or
in a transient fashion. Phase 3 of CMIP (CMIP3) included ‘realistic’ scenarios for historic, present and future climate. These simulations provided the basis for analyses underpinning the IPCC
fourth assessment report. The current phase of CMIP (CMIP5)1,
which was initiated at the end of 2008, involves a large range of
experiments for past, present and projected future climate, as well
as more idealized experiments designed to explore model behaviour. Analysis of these simulations has already been used as input
to the recent IPCC fifth assessment report and continues to be
exploited for improved understanding of the mechanisms of climate change.
Palaeoclimate simulations were not included in CMIP prior
to CMIP5. Nevertheless, the modelling community has been
involved in a parallel effort to use past climate states to understand
the mechanisms of climate change since the 1980s. These efforts
have been coordinated by the PMIP7,10,12,93. The first round of
other Palaeoclimate Modelling Intercomparison Project (PMIP)
experiments where appropriate.

Robust features of past and future climates

There are several features of the temperature changes in future projections (and the more idealized 1pctCO2 and abrupt4xCO2 warming scenarios) that are remarkably consistent, including stronger
warming over land than ocean (enhanced land–ocean contrast),
stronger responses at higher than lower latitudes (latitudinal amplification) and differential responses in summer and winter leading
to changes in seasonal contrast 3,14,15. These large-scale temperature
responses, which emerged in the first Intergovernmental Panel on
Climate Change (IPCC) assessment 25 years ago, are present in
palaeoclimate simulations as well, not only of the LGM and midHolocene16–18, but also of other intervals such as the last interglaciation19 and the mid-Pliocene20,21. The variations in response are
proportional and nearly linear across simulations of both warm
(1pctCO2, abrupt4xCO2) and cold (LGM) climate states (Fig. 1a,b),
and the simulated magnitude of the relative changes between land
and ocean, higher and lower latitudes, and summer and winter temperature is supported by historical and palaeoclimate observations16
(Fig. 1c,d). Although this agreement between the simulated and
observed responses is apparent on the large (hemispheric) scale,
there is some evidence that it may not hold on a more regional level.
It has been suggested, for example, that the CMIP5 models underestimate mid-Holocene warming in the eastern Canadian Arctic by
>1 °C (ref. 22).
Several components of the surface energy balance are involved
in the temperature responses in the LGM, historical and idealized warming scenario simulations, but surface downward clearsky longwave radiation, which includes the effect of changes in
CO2, water vapour and atmospheric energy transport, is the most
important component driving land–ocean contrast and high-latitude amplification in both warm (abrupt4xCO2) and cold (LGM)
climates23. Surface albedo plays a significant but secondary role
in promoting high-latitude amplification in both cold and warm
736

PMIP intercomparisons (PMIP1) focused on atmospheric general
circulation model simulations of the mid-Holocene and LGM, and
was broadly parallel to the concurrent efforts of the Atmospheric
Modelling Intercomparison Project 94. PMIP2 focused on comparison of coupled atmosphere–ocean model simulations of the
mid-Holocene and LGM. Although PMIP2 was broadly concurrent with CMIP3, and many of the same modelling groups were
involved in both intercomparison projects, the palaeosimulations
were generally run with either lower resolution or older versions of
the models. The inclusion of palaeo-experiments in CMIP5 means
that we now have simulations of past and future climate made with
exactly the same version and at exactly the same resolution. As
PMIP coordinates the analysis of the CMIP5 palaeo-experiments,
these are often referred to as PMIP3 experiments (or PMIP3/
CMIP5) experiments (although here, for simplicity, we refer to
them as CMIP5 experiments).
The evaluation of the CMIP5 simulations is only one component of the ongoing work during PMIP3. PMIP3 is also running
experiments for non-CMIP5 time periods and is coordinating
the analysis and exploitation of transient simulations across intervals of rapid climate change in the past. PMIP also provides an
umbrella for model intercomparison projects focusing on specific
times in the past, such as the Pliocene Modelling Intercomparison
Project 89, or on specific aspects of the palaeoclimate system, such
as the Palaeo Carbon Modelling Intercomparison Project 95.
climates15, and in intensifying the land–ocean contrast in the warm
climate case. Surface albedo has also been shown to contribute to
latitudinal amplification in mid-Pliocene simulations20. Changes in
seasonality are consistent in pattern but, in contrast to the relative
simplicity of the mechanisms underpinning land–ocean contrast or
latitudinal amplification, the genesis of the seasonality changes is
different in warm and cold climates23.
Precipitation increases as temperature increases, although at a
rate that is consistently smaller than the rate of change in saturation vapour pressure, partly because of energetic constraints on
evaporation and partly because of constraints in water availability
over land24,25. Precipitation increases are characteristic of the CMIP5
future (RCP) and idealized warming (1pctCO2, abrupt4xCO2)
simulations26. The scaling between the change in temperature and
precipitation is remarkably consistent in palaeoclimate (LGM),
historical and idealized warming (1pctCO2, abrupt4xCO2) simulations (Fig. 1e), both over land and ocean (Fig. 1f), and is also consistent with palaeoclimate and historical observations27 (Fig. 1g).
Analyses of precipitation changes in idealized warm (1pctCO2,
abrupt4xCO2) climate states27 also show other robust large-scale
responses, including larger changes in precipitation per degree temperature change in extratropical than tropical land areas. Changes
in tropical precipitation are greatest in areas that are currently wet,
resulting in increased precipitation in warm climate states and
decreased precipitation in cold climate states. The seasonality of
precipitation in the tropics also changes in a consistent way, with
increased seasonality in warm climate states and decreased seasonality in cold climate states27. All of these features are consistent with
palaeoclimate and historical observations of large-scale precipitation changes.

Ability to simulate regional climate features

The regional response to changes in forcing has been a major focus
in the evaluation of the CMIP5 mid-Holocene and LGM simulations. There can be three types of mismatch: cases where the models
simulate the same robust response to a forcing but the response is
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Figure 1 | Scatter plots showing temperature and precipitation changes in past, present and projected climates. The values shown are the simulated
long-term mean differences (experiment minus piControl) for the seven models that have carried out all the experiments. a, Differences in the relative
warming (or cooling) over global land and global ocean (land–ocean contrast) and b, over land in the northern extratropics and northern tropics
(latitudinal amplification). SSTann: annual sea surface temperature. c, Comparisons of the simulated changes in land–ocean contrast and d, latitudinal
amplification for the twentieth-century (historical) and LGM with observed changes. The reduced major axis regression lines derived using all appropriate
model grid cells are shown in magenta; the p-values test the null hypothesis that the slopes of the reduced major axis regression lines = 1.0. e, Percentage
precipitation change relative to the change in global temperature and f, global temperature over land (green) and ocean (blue). The ordinary least-square
regression with the intercept set at zero is shown in magenta; the p-values test the null hypothesis that the slope = 0. g, Comparisons of the simulated
changes in precipitation scaling over land for the twentieth-century (historical) and LGM with observed changes. The ordinary least-square regression for
absolute values of precipitation based on all model simulations is shown in magenta. In c, d and g, model output has been sampled only at the locations
of respective observations. Bold crosses: area-weighted averages of twentieth-century observations and palaeoclimate reconstructions; finer lines:
reconstruction uncertainties (standard deviation).

of the wrong magnitude; cases where the models simulate the same
robust response to a forcing but the response is of the wrong sign;
and cases where different models give different responses to the
same forcing. Here we provide examples of each of these cases.
The insolation-induced amplification of Northern Hemisphere
monsoons during the early to mid-Holocene provides the classic
example of the use of model simulations to provide a mechanistic explanation of past climate changes28. Monsoon amplification,
expressed through an increase in both the geographic area receiving
monsoon rain and the overall amount of precipitation, is a feature
of atmosphere-only simulations10,29. Simulations show that ocean
feedback increases the length of the monsoon season and amplifies the magnitude of the overall response30–32. The CMIP5 midHolocene simulations show both a substantial expansion of the
Asian (Pacific) and northern Africa monsoons with an increase in
total precipitation33–35, and a corresponding reduction in area and
decrease in total precipitation in the Southern Hemisphere monsoons36. A previous study 7 showed that the PMIP Phase II (PMIP2)
mid-Holocene simulations consistently underestimated the magnitude of change in the Northern Hemisphere monsoons. The CMIP5
mid-Holocene simulations show less amplification than the PMIP2
simulations over Asia, with strengthening of the meridional wind of
only 32% compared with 40% in PMIP2 (ref. 33). The discrepancy
between observed and CMIP5 simulated changes in the amount of
mid-Holocene precipitation over northern Africa is at least 50% in
the latitude band from 15–30° N (Fig. 2)35. Land-surface feedbacks,

associated with the climate-induced change in vegetation cover and
surface water storage, have been invoked as one way to reconcile
these discrepancies37–42. Although some vegetation-enabled models
show amplification of the northern Africa monsoon in the midHolocene43,44, the PMIP2 models with dynamic vegetation did not
produce greater amplification of any of the Northern Hemisphere
monsoons during that time7. Furthermore, mid-Holocene simulations with the (CMIP5) CCSM4 model45 show that vegetation feedback produces only very small changes in seasonal temperature and
has no impact on precipitation over the Pacific monsoon region.
The contrast between these PMIP2/CMIP5 results and earlier studies that prescribed vegetation changes or used simpler models suggests that significant improvements to the modelling of vegetation
and its coupling with the atmosphere are required to address the
role of land-surface feedbacks properly 46.
The intertropical convergence zone is located too far south in the
Atlantic sector in most of the CMIP5 historical and pre-industrial
control (piControl) simulations, reflecting a damped meridional
temperature gradient that has been related to biases in radiation
and heat fluxes47. Analyses of the West African monsoon in a subset
of the PMIP2 mid-Holocene simulations show this bias affects the
meridional temperature gradient and limits the northward movement of the intertropical convergence zone48, which is also true
for some of the CMIP5 mid-Holocene experiments. Differences
in the amplification of the mid-Holocene monsoon over northern Africa in the CMIP5 experiments are not consistently related
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Figure 2 | Comparison of observed and simulated regional climate. a, Comparison of simulated and reconstructed mid-Holocene changes in mean
annual precipitation for 5° latitude bands (longitude 20° W to 40° E) between 0 and 45° N across northern Africa and the circum-Mediterranean region.
b, Ratio of actual to equilibrium evapotranspiration and c, mean temperature of the warmest month for 5° latitude bands between 30 and 80° N across
Eurasia (longitude 60° to 180° E). The reconstructions are from the data set in ref. 9, which provides a climate reconstruction for a 2 × 2° grid cell based
on averaging the individual site-based reconstructions within that grid cell. The mean and standard error of the mean of the grid cell reconstructions are
shown in each latitude band. The model results are averages of model output sampled at the location of the grid cells with observations. The number of
grid cells contributing to the comparison for each variable is shown on the plots.

to precipitation biases in the piControl simulations35 because the
mid-Holocene change in precipitation is driven by an increase in
deep convection, so differences are largely linked to the way each
model represents different convective regimes48.
The extent of mid-continental drying in Eurasia during the midHolocene is another example of a persistent regional mismatch
between models and observations29,49,50. The CMIP5 mid-Holocene
simulations (Fig. 2) show drier conditions in Eurasia, particularly
between 45° and 60° N, whereas observations systematically show
that the mid-continental extratropics were wetter than today. At
the same time, the models show a significant increase in summer
temperature, whereas observations suggest cooler summers (Fig. 2).
Temperature biases in the CMIP5 historical (twentieth-century)
simulations are linked to systematic biases in evapotranspiration51,
with oversimulation of precipitation (and hence evapotranspiration) leading to cold temperature biases, and undersimulation of
precipitation leading to warm biases. A similar mechanism seems to
explain the mismatch in Eurasia in the mid-Holocene: the models
do not produce a sufficient increase in regional precipitation and
therefore underestimate evapotranspiration (and hence the ratio
of actual to equilibrium evaporation, α) compared with observations, causing simulated summer temperatures of up to 4° warmer
than observed.
The mid-Holocene climate of Europe provides a third example
of a persistent mismatch between models and observations. CMIP5
mid-Holocene simulations show generalized warming over Europe
in summer and fail to reproduce the observed summer cooling
738

in southern Europe52. Winter temperature anomalies are not as
consistent between models, but the CMIP5 mid-Holocene simulations do not show the strong winter warming in northern Europe
shown by observations. These same discrepancies were present in
mid-Holocene simulations with previous generations of models53–55.
A previous study 52 suggests that these persistent discrepancies
are related to the failure to simulate atmospheric circulation patterns correctly, specifically anticyclonic blocking in summer and
increased dominance of the positive phase of the NAO in winter
during the mid-Holocene. This study argues that atmospheric circulation patterns over Europe are also poorly simulated in modern
(twentieth-century) simulations, which could explain why Europe
is warming faster than projected56.
Not all features of regional climates show a robust response to
past changes in forcing, even when there is a consistent response in
the future RCP simulations. For example, there is a consistent yearround reduction in the extent of Arctic sea ice in CMIP5 RCP simulations3. There is also a consistent reduction of summer sea-ice cover
in response to increases in summer insolation in the CMIP5 midHolocene simulations57, with the largest changes shown by those
models with thicker sea ice in the piControl simulation. However,
some models show increased and some decreased ice thickness in
winter. An analysis of two models with similar sea-ice sensitivity
in RCP scenario and abrupt4xCO2 simulations, but very different
responses to mid-Holocene forcing, suggests that differences in
the sign of the mid-Holocene changes in winter sea-ice extent may
be related to cloud feedback. HADGEM2-ES shows a year-round
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decrease in sea-ice extent, whereas MIROC-ESM shows a smaller
decrease in summer and a slight increase in winter. The difference in
summer is attributed to differences in cloud cover between the two
simulations57. Cloud-mediated differences in the summer response
help to explain the different winter responses when the direct forcing is weak: a large reduction in summer sea-ice extent offsets the
growth of sea ice in autumn and winter such that the overall extent
of winter sea ice remains less than in the piControl simulation,
whereas when the change in summer sea-ice extent is small it is
insufficient to offset any orbitally induced winter increase. Similar
analyses of the CMIP5 LGM simulations58 confirm the relationship between sea-ice thickness in the piControl simulations and the
magnitude of the change in summer sea-ice extent during the LGM,
and also show that models have different responses to the change
in forcing. The responses seem to be most different in the Southern
Ocean, where there are also large discrepancies between simulated
and observed sea-ice patterns.
The behaviour of the Southern Hemisphere westerly jet provides
a second example of inconsistency in model simulations of the past
that is not characteristic of future projections. The position of the
Southern Hemisphere westerly jet is consistently shifted poleward
in future simulations compared with the pre-industrial state because
the tropospheric meridional temperature gradient is weakened. The
CMIP5 models show diametrically opposed changes in the location
of the Southern Hemisphere westerlies during the LGM, with half
showing a equatorward shift and half showing a poleward shift in
mean position compared with the piControl state59,60. The equatorward shift is consistent with the expected strengthening of the
upper tropospheric temperature gradient. However, the models that
unexpectedly simulate a poleward shift of the jet stream during the
LGM compared with the pre-industrial state in fact show a strong
LGM lower tropospheric cooling at high latitudes. This implicates
different sensitivity to prescribed changes in the Antarctic ice sheet
and to the simulated sea-ice extent in influencing the location of
the Southern Hemisphere westerlies during the LGM59. Situations
in which there is a consistent response in the future but different
responses in the past thus provide an opportunity to explore model
sensitivity to a wider diversity of feedbacks, such as the evolution
of the ice sheets, than are currently included in simulations of
the future.
A final example of inconsistent behaviour among models is provided by an analysis of hydroclimate in the tropical Pacific during
the LGM61. This study provides an analysis of seven PMIP2 and five
CMIP5 simulations, and shows contrasting responses of change
in precipitation over the maritime continent (Southeast Asia,
Indonesia, New Guinea and the Philippines): some models show
widespread drying whereas others show a modest increase in precipitation. These different behaviours are, at least in part, due to simulated differences in the Walker circulation. The model (HadCM3)
that most accurately reflects the pattern of the observed change in
precipitation and ocean salinity, with strong and widespread drying over the maritime continent associated with freshening of the
Arabian Sea and the western Pacific, is the sole model to produce
a sufficiently weakened Walker circulation over the Indian Ocean.
Only one of the CMIP5 models (MPI-ESM-P) shows weakening of
the Walker circulation, but the change is not large enough to reproduce the observations.

Multi-parameter evaluation of model skill

Multi-parameter evaluation of simulations using global data sets is a
routine measure of model performance under modern conditions2.
Evaluations of the CMIP5 mid-Holocene and LGM simulations
based on ten different seasonal or annual climate variables show that
no model performs equally well for all variables2,13. In general, models are better at simulating mean (or median) values of any climate
variable than at simulating the spatial variability or the geographic

patterning in that variable. Although the CMIP5 models seem to
have some skill in predicting mean annual temperature (MAT) and
mean annual precipitation (MAP) during the LGM (Fig. 3), they
have no skill in predicting summer temperature (mean temperature
of the warmest month, MTWA) in the mid-Holocene, a result that
confirms earlier analyses of the PMIP2 models62. Precipitation (as
represented by MAP) is somewhat better simulated than temperature (as represented by MTWA) in the mid-Holocene but the reverse
is true in the LGM simulations, where temperature (as represented
by MAT) is better simulated than MAP (Fig. 3). Nevertheless, some
models are better than others at capturing mid-Holocene and LGM
climate change, and indeed perform better than the ensemble mean
model13. The ensemble mean model usually provides the best estimate of the modern climate63. This may be because the ensemble
mean filters out the impact of outliers in a collection of models
that essentially have been ‘tuned’ to modern climate, but could also
reflect the fact that the ensemble is too small and, physically speaking, the models are too closely related to characterize the underlying
distribution effectively 64. The fact that this is not the case in palaeo-experiments challenges the prevailing approach of using future
projections to examine climate impacts — in which all available
simulations are averaged to derive an ensemble response, with the
spread of the experiments considered as a measure of uncertainty.
The spatial coverage of palaeoclimate reconstructions is more
limited than modern observations and some key regions are
undersampled9. Model evaluation has therefore often focused on
data-rich regions and/or a limited number of climate parameters.
Nevertheless, even taking account of the limited data and occasionally large uncertainties of palaeoclimate reconstructions, it is clear
that the LGM and mid-Holocene simulations provide a rigorous
test of model performance. Although there is reasonable agreement
in the overall magnitude of the cooling during the LGM, primarily
because the large-scale changes are dominated by land–ocean contrast and latitudinal gradients, the CMIP5 models show only limited skill in capturing sub-continental-scale patterns of temperature
change. The mid-Holocene lacks the strong annual mean forcing
that is present during the LGM and in future simulations, so the
poor performance with respect to mean annual signals (Fig. 3) is
therefore unsurprising. Our ability to evaluate these simulations
is somewhat compromised by uncertainties about the seasonal
attribution of sea-surface temperature reconstructions65. However,
comparisons of continental seasonal climates confirm that the midHolocene still presents a challenge for the models. Some of the discrepancy between simulated and reconstructed mid-Holocene and
LGM climate may reflect the simplified design of the experiments
and, in particular, the omission of known feedbacks (for example,
dust forcing during the LGM, land-surface characteristics in both
simulations18). However, these feedbacks are also not included in
future projections.

Improvement in ability to simulate climate change

The evidence of modest overall model skill during the midHolocene and LGM, and for substantial misrepresentation of past
regional climates, clearly raises serious questions about state-of-theart models. The current generation of models has been shown to be
better at simulating some aspects of the modern climate2. Individual
models are incorporating more complex treatments of key processes
and feedbacks, and for individual models these improvements
translate into better simulations of key aspects of past climate66,67.
However, relative to previous generations of models, these developments apparently do not translate into an improved ability to simulate climate change. At the ensemble level, the differences between
the CMIP5 simulations and earlier CMIP3/PMIP2 simulations are
small and statistically unimportant, both for the past and for the
future (Fig. 4). There is growing feeling that future analyses of climate change and its impacts should be based on cross-generational
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Figure 3 | Taylor diagram90 for the LGM and mid-Holocene precipitation and temperature anomalies. The distance of any model point from the origin
indicates standard deviation of field, the distance of any model point from the green reference point indicates the centred root mean square (RMS)
difference between model and data. Pattern correlation between model and observations is given by the azimuthal coordinate. Temperature is represented
by MAT over land and SSTann at the LGM, and by MTWA for the mid-Holocene where the change in forcing is seasonal. Precipitation is always represented
by MAP. Model statistics are corrected to account for observational uncertainties, by subtracting the estimated contributions made by observational
errors as in ref. 62. Models from the CMIP5 ensemble are in red (temperature) and blue (precipitation), whereas models from the PMIP2 ensemble are in
pink and pale blue, respectively.

ensembles of model output constrained by observations68,69, and
palaeo-evaluations support this approach, not only because there
seems to be little improvement between different generations of
models, but also because some models are better than others at
reproducing the magnitude and patterns of large climate changes.

Providing well-founded climate sensitivity constraints

Differences in climate sensitivity, conventionally defined as the
change in global average temperature for a doubling of CO2, are
realized as intermodel differences in the projections of future
global warming. It has proved difficult to evaluate model sensitivity using historical observations, and this has motivated attempts to
use past climate states as a constraint 70. The LGM has been a focus
for such attempts because of the large difference in climate from
present 71–75. Many (though not all) energy-balance mechanisms
operate similarly in simulations of the LGM and of future (warm)
climates across the ensemble of CMIP5 models23, although there
is asymmetry in the strengths of different feedbacks76. One study 74
found a significant correlation in the previous generation of climate
models (PMIP2) between tropical temperature change during the
LGM and equilibrium sensitivity, but this relationship is not evident in the CMIP5 LGM simulations. We have re-examined this
finding by combining the CMIP5 and PMIP2 ensembles (following the approach suggested in ref. 69), taking the mean of the outputs where more than one integration was carried out by closely
related models. This gives a total of 11 simulations and a weak correlation between tropical temperature during the LGM and equilibrium climate sensitivity, which is barely significant at the 90%
740

level. This provides an estimate of climate sensitivity in the range
of 1.4–4.4 °C, but the tenuous nature of the correlation cannot be
ignored when assessing the credibility of this result. The presence
of strong and consistent spatial patterns in temperature changes,
as evidenced by land–ocean contrast and high-latitude amplification, suggest that tropical temperature may be an insufficient constraint on climate sensitivity. Another study 13 adopted an alternative
approach, by comparing the CMIP5 and PMIP2 model ensemble
with all available LGM temperature reconstructions and estimating
climate sensitivity from the regression as the temperature at which
global bias is zero. They obtained an estimate of 2.7 °C, but again
argued that the result was only barely significant (p = 0.12) even
after the removal of a marked warm-bias outlier. Thus, although the
LGM provides a useful check on model performance, it remains a
challenge to generate well-founded quantitative constraints on climate sensitivity from these simulations.

Palaeosimulations and future projections

Evaluation of the CMIP5 palaeosimulations demonstrates the value
of including past climate states as targets for model intercomparison. Systematic examination of features that are characteristic of
future climate simulations in palaeoclimate experiments and palaeoclimate reconstructions provides an opportunity to determine
whether these features are robust characteristics of the climate system, and whether they are features of the actual response of the climate system to changes in forcing rather than model artefacts7,16,18.
The broad-scale temperature and precipitation responses seen in
future simulations are present in palaeosimulations and correctly
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represented in both LGM and historical simulations. This gives
us confidence that the projected changes in land–sea temperature
contrast, high-latitude amplification, temperature seasonality, the
scaling of precipitation with temperature and the differential precipitation–temperature scaling over land and ocean are reliable.
Similarly, the fact that models produce large-scale changes in climate consistent with palaeo-reconstructions for multiple different
climate states enhances our confidence in the simulated changes
shown in future projections. The palaeo-record has the ability to
discriminate between models where they show differences in the
response to forcing, and again this provides a way of determining
which models are more reliable.
Nevertheless, the modest overall skill of the CMIP5 models
for the mid-Holocene and LGM shows the limitations of the current generation of models. Specifically, the models are unable to
reproduce the magnitude of changes in regional climates, even
when taking into account the uncertainties inherent in the palaeoreconstructions. The amplification of the Northern Hemisphere
monsoons is a robust feature of future (RCP) climate simulations3,4.
Although the underlying cause differs (increased greenhouse gases
rather than a change in insolation), the antecedent condition of
continental warming in the subtropics leading to increased land–
ocean contrast is the same in future and mid-Holocene simulations.
Thus, the fact that models persistently underestimate the magnitude of regional precipitation changes over Africa and Asia during
the mid-Holocene suggests that the future predictions could be
similarly affected. Given that these monsoon systems influence the
livelihood of more than half of the world’s population, this is a situation that needs to be rectified. Addressing the causes of persistent
mismatches, both for the monsoon regions and for other regions
identified by palaeo-comparison, should be a research priority.
It is possible that discrepancies between simulated and observed
regional climates in the mid-Holocene and LGM are due to uncertainties in the specification of prescribed boundary conditions
or the failure to include additional potential forcings7. Simulated
LGM climates are indeed sensitive to the form of the prescribed
ice sheet 7,77. However, the latest reconstructions of the size and
form of the LGM ice sheets are more similar to one another than
to previous attempts at reconstruction. Furthermore, the impact
of uncertainties in ice-sheet prescription is small and highly localized compared with the other, well-constrained forcings. Similarly,
some of the model simulations prescribe vegetation to be the same
as present in both the mid-Holocene and the LGM. However, inclusion of dynamic vegetation does not seem to improve the simulation of mid-Holocene regional climates. Furthermore, Earth system
models do not seem to perform better overall than models that do
not include a dynamic carbon cycle and/or dynamic vegetation.
Inclusion of dust forcing has been shown to improve the simulations of LGM climate78, for example, but again the impact of dust
is small compared with the impact of the changes in the ice sheet
or atmospheric composition78,79. Thus, although uncertainties in the
experimental protocol could contribute somewhat to the poor performance of the CMIP5 models, the large discrepancies between
observations and simulations cannot be explained away by invoking the experimental design.
It is of concern that the current generation of climate models does not perform better overall than previous generations
of models, in terms of either modern climate or palaeoclimate
changes13,69. On the positive side, this opens up the possibility of
using cross-generational ensembles for projections of climate and
climate impacts, which would provide a larger ensemble and more
robust measurements of uncertainties. However, there is a need to
screen the models used in constructing such ensembles, because
palaeo-evaluation shows that some models are consistently better
than others at reproducing the magnitude and patterns of large
climate changes.
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Figure 4 | Maps of the p-values of Hotelling’s T2 test91 comparing the
CMIP3 plus PMIP2 versus CMIP5 ensembles. The plots show the p-values
for the test of the hypothesis of equality of the (multivariate) ensemble
means of MAT, mean temperature of the coldest month, MTWA and
MAP for the LGM (lgm), mid-Holocene (midHolocene) and the 1pctCO2
simulations in CMIP3 and CMIP5 (1pctto2x and 1pctCO2, respectively).
The number of significant statistics (that is, p < 0.05, shown in pink)
do not exceed that expected by chance92. A previous study13 has shown
that the results obtained using conventional meteorological variables are
virtually identical.

Palaeo-simulations have not delivered on the promise to provide a well-founded additional constraint on climate sensitivity.
This is partly because of the limited size of the ensemble, even when
including LGM experiments with the previous CMIP3/PMIP2
generation of models. However, a second issue is associated with
the limited amount of palaeoclimate data, and particularly quantitative reconstructions, from the Southern Hemisphere. It is difficult to constrain a global average based on unevenly distributed
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data points. The continued expansion of palaeoclimate data sets will
also allow evaluation of other regional climate changes. However,
the robust nature of the spatial variations of climate change in the
past (and future) calls into question whether a focus on global average responses is sensible.
Much of our knowledge about regional climate changes is based
on qualitative inferences from geologic, biological or archaeologic
records, which provide a more detailed picture of the geographic
areas affected than currently possible using quantitative climate
reconstructions. Qualitative records are useful because they confirm that the more limited quantitative information is realistic. For
example, although there are only 58 grid cells with quantitative
reconstructions of mid-Holocene MAP for northern Africa, we are
confident that the reconstructed increase in monsoon precipitation
is reasonable because of the extensive information on the widespread
occurrence of lakes80,81, profound changes in vegetation cover 82,83 and
abundant human settlements84,85. However, qualitative data of this
sort cannot be used explicitly in model evaluation. Although some
of these records could be used for quantitative reconstruction using
statistical techniques, generally the exploitation of most of these data
relies on the use of forward models, for example, of vegetation86 or
lake water balance87,88. We suggest that increased emphasis on climate reconstruction and greater exploitation of forward modelling
is urgently required to improve climate model evaluation.
The CMIP community is currently defining the suite of experiments that will constitute the basis for the next IPCC assessment
report. CMIP5 was the first explicit inclusion of palaeo-experiments
in the CMIP suite of simulations but they have already shown their
usefulness. We urge all members of the CMIP community to run palaeosimulations and to use them in model diagnosis. Demonstrating
which features of the simulated climate change are likely to be realistic, and which are not, will do much to increase confidence in
future projections.
Received 24 December 2014; accepted 10 April 2015;
published online 24 July 2015
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