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Centre for Ecology and Hydrology
Benson Lane
Wallingford
Oxfordshire, OX10 8BB, U.K.
8™ Febraury 2017
Email: chg@ceh.ac.uk
To: Dr Astrid Kerkweg, Executive Editor of GMD
Dear Executive Editor

Response to reviewers’ comments and editorial interactive comment for manuscript: gmd-2016-221:

Climate pattern scaling set for an ensemble of 22 GCMs - adding uncertainty to the IMOGEN
impacts system (by P. Zelazowski, C. Huntingford, L.M. Mercado and N. Schaller)

Thank you for arranging reviews for our manuscript, and in addition editorial comment. We have
revised the manuscript to reflect in full the requested changes. In particular, for reviewer two, we have
made a comparison — in terms of impact of runoff changes — using direct GCM projections against those
using the IMOGEN system that emulates that model. The manuscript now has a new Figure 7 to present
that, in addition to the related text.

We have responded to all requests. Please find below a list of each suggested amendment, and below
each and in indented text are our responses and listing of any revised text in the manuscript itself.

Additionally at the bottom of this letter is a version of both the main manuscript and supplementary
information, with “track changes” switched on to show our edits and changes.

Please do not hesitate to contact me if you have any further questions.

Yours sincerely,

Dr Chris Huntingford (and on behalf of co-authors)



Response to gmd-2016-221-SC1 (Interactive comment from A. Kerkweg, Executive Editor).
Please note that some internal numbering from the review has changed slightly as review comments
have been incorporated.

Comment 1.1. Dear authors, in my role as Executive editor of GMD, | would like to bring to your
attention our Editorial version 1.1:
http://www.geosci-model-dev.net/8/3487/2015/gmd-8-3487-2015.html.

This highlights some requirements of papers published in GMD, which is also available on the
10 GMD website in the “Manuscript Types’ section:
http://www.geoscientific-model development.net/submission/manuscript_types.html

Response 1.1. Thank you for this and other comments. We have familiarised ourselves with the

Editorial.
15
C.1.2. In particular, please note that for your paper, the following requirements have not been met in
the Discussions paper:
The main paper must give the model name and version number (or other unique identifier) in the
title.
20

R.1.2. We have added the version number, and as IMOGEN vn 2.0. This makes a clear
distinction from vn 1.0, which was only calibrated against the United Kingdom Met Office
model, HadCM3. This distinction is also noted in the main body of the text.

25 C.1.3. If the model development relates to a single model then the model name and the version number
must be included in the title of the paper. If the main intention of an article is to make a general
(i.e. model independent) statement about the usefulness of a new development, but the
usefulness is shown with the help of one specific model, the model name and version number
must be stated in the title. The title could have a form such as, “Title outlining amazing generic
30 advance: a case study with Model XXX (version Y)”.

R.1.3. Please see response to request above. IMOGEN v2.0 corresponds to the new calibration
against a set of 22 GCMs. This paper is presenting a new model version.

35 C.1.4. All papers must include a section, at the end of the paper, entitled ’Code availability’. Here,
either instructions for obtaining the code, or the reasons why the code is not available should be
clearly stated. It is preferred for the code to be uploaded as a supplement or to be made available
at a data repository with an associated DOI (digital object identifier) for the exact model version
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described in the paper. Alternatively, for established models, there may be an existing means of
accessing the code through a particular system. In this case, there must exist a means of
permanently accessing the precise model version described in the paper. In some cases, authors
may prefer to put models on their own website, or to act as a point of contact for obtaining the
code. Given the impermanence of websites and email addresses, this is not encouraged, and
authors should con- sider improving the availability with a more permanent arrangement. After
the paper is accepted the model archive should be updated to include a link to the GMD paper.

R.1.4. The main basis for the paper is the new driving dataset — the patterns and EBM
parameters forcing the IMOGEN model, rather than the model itself. However, these
developments in available drivers are sufficiently large as to constitute a new model version -
here named v2.0. The original model is written out in full in existing papers, including an earlier
Huntingford et al 2010 GMD paper. Unfortunately our original paper version had the link to our
archived model drivers named “Data Availability”. This is now renamed "Data and Code
Auvailability".

The driving dataset described in this paper was placed on a permanent and well-recognised
international archive EIDC, and is now linked appropriately from the manuscript. In addition,
we now also cite the 2010 GMD paper regarding the model description, and add: “For current
IMOGEN code, please contact the corresponding author" (page 12, from line 26).

C.1.5. If I understood your article correctly, the main model you developed is IMOGEN, therefore a
version number of IMOGEN should be given in the title and a code availability section should
inform the reader about if and how to gain access to IMOGEN.

R.1.5. Agreed; and implemented as explained above, including within the title “IMOGEN
vn2.0”.
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Response to gmd-2016-221-RC1 (Interactive comment from S. Emori - Referee)
Please note that some internal numbering from the review has changed slightly as review comments
have been incorporated.

Comment 2.1. The paper describes a system for emulating CMIP3 climate models in terms of land
surface variables at low computational cost, including its design, performance, applications and
limitations. The manuscript is clearly written. | understand the importance of the attempt and
usefulness of the tool, although honestly | felt that CMIP3 models are relatively dated and the
authors might have been able to adopt CMIP5 data sooner. | have a couple of overall comments,
which are rather my impression and not something really critical.

Response 2.1. We thank the referee for this review and a number of useful comments. We accept
that a dataset based on the CMIP5 dataset is required. However, as we outline in the paper, a
number of studies are based on the combination of the IMOGEN model and the presented set of
patterns. This paper is intended to describe in a greater detail the dataset and how it was derived.
We intend to work with an equivalent dataset based on CMIP5 and believe that there will be a
benefit that we can refer back to the dataset described here, allowing comparison.

C.2.2. In my view, a climate emulator like the one presented here based on an energy balance model
and pattern scaling is particularly powerful when it is applied for exploring a wide range of
different scenarios (e.g., intermediate levels between RCPs). If the authors agree with this, it
should be mentioned with more emphasis.

R.2.2. Agreed; we have already mentioned this briefly in the abstract, and in the beginning of the
Introduction, but now we have expanded the later according to this suggestion (from line 9). In
the Introduction, we now write:

“It allows interpolation away from a limited number of available GCM simulations, enabling a
time-efficient assessment of surface meteorological changes for alternative non-standard future
scenarios of changed GHG concentrations. This can include, for example, new scenarios that fall
between the current Representative Concentration Pathways (RCP, Taylor et al., 2012), and
potentially to investigate the current focus on targeting pre-defined future temperature thresholds
such as two degrees”

C.2.3. The applications described are mostly focused on ecosystem impacts. | reckon however that the
tool has a potential to be applied to a wider range of impact studies, including water resource,
agriculture, health and so on. It could also be emphasized.

4
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R.2.3. Agreed, and some of these potential applications we hope to pursue, so having IMOGEN
v2.0 published will be helpful. Combining this comment with the suggestion from the Referee
#2, we have added a new part to Section 4 “Applications” in which we undertake an assessment
of IMOGEN performance in terms of ability to project changes to impacts, rather than just the
direct climatic changes. We focus on mean annual total runoff, and making a direct comparison
to GCM estimates of change. We also added a new figure (#7). Please see response 3.1 below.”

Minor comments:
C.2.4.P.2,L.2, “Global Climate Models (GCMs, also called Earth System Models, ESMs)”: In my
understanding, a GCM is called an ESM especially when (or only if) it incorporates some

biogeochemical components. Simply paraphrasing them sounds uncomfortable to me.

R.2.4. Agreed. Following this suggestion, and the one from Referee #2 (3.1.), we have dropped
the use of “Earth System Model” description in the case of the analysed CMIP3 data.

C.2.5.P.3, L.1, “Intergovernmental Panel for Climate Change™: “on” instead of “for”.
R.2.5. Corrected.
C.2.6.P.4,L.33, “50 km (e.g. MIROC3.2hires model,”: The atmospheric resolution of MIROC3.2-hires
is T106, which is approximately 100 km in mid-latitudes
instead of 50 km.
R.2.6. Corrected.
C.2.7. P.5, L.14, “climate regime c”: Not clear what it means.

R.2.7. Changed to “climate regime in the decade c”

C.2.8.P.5, L.22, “one regression co-efficient, rather than two.” Not entirely clear to me. Do you mean
only slope rather than slope and intercept (or, equivalently, intercept is always zero)?

R.2.8. Yes, that is what we meant, and this is now stated more clearly in the same place. We now
write: “This implies that the regression line starts at the origin of the coordinate system, so the
intercept equals zero, and there is a fit with just one regression co-efficient, the slope”
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C.2.9. P.5, L.33, “(ii) a constant ratio of mean land and ocean surface (SST) rate of warming, v, (iii-iv)

climate sensitivity over land Al and ocean Ao (W m-2 K-1)”: Instinctively, it sounds over-
specification to me, as it looks like v could be calculated by Al/Ao (at least approximately). It
might be my silly misunderstanding, but a bit of further explanation might be helpful to other
readers as well.

R.2.9. Whilst we agree that having individual climate sensitivities over land and ocean might
initially seem an over-specification, the concern we had is that the ocean component of the
global energy balance behaves very differently to the land surface. The ocean is a huge store of
thermal energy, currently making the planet lag significantly - by decades - behind the true level
of committed warming for current atmospheric GHG concentrations. Relative to the oceans, the
land operates so as to have almost negligible thermal capacity, and hence we wanted to capture
both effects individually. This also suggests thermal energy flows by atmospheric transport from
the land regions to the oceans regions. Initially in Huntingford and Cox (2000), we tested this by
modelling an advection term k*(dT_air-dT_ocean), but the fit was poor. Instead we found we
could close the equations, capturing GCMs well, with simply a land/atmosphere fixed contrast.
This gives an implicit advection, with "k" being a function of time. It is still an area of open
research as to why both historical measurements and GCMs all project near-constant (in time)
land/atmosphere contrasts.

C.2.10. P.6, L.13, Eq (2): “(is, ms, g)” in the r.h.s might have to be “(gs, ms, i)”.

R.2.10. Agreed — thank you very much for spotting this mistake.

C.2.11. P.16, L.22: “Shiogama, H., Shiogama, H.,”: duplicated. Please delete one.

R.2.11. Deleted



10

15

20

25

30

Response to gmd-2016-221-SC1 (Interactive comment from Anonymous Referee #2)
Please note that some internal numbering from the review has changed slightly as review comments
have been incorporated.

Comment 3.1. As it stands, this paper is a simple implementation of the idea of pattern scaling and
EMB calibration to a multi-model ensemble. I do not think any of this is new per se, and the
choice of presenting this work based on a by now obsolete CMIP ensemble, CMIP3, does not
help making the case for publication as is. That said, | think the value of the work resides in the
provision of a multivariate set of fields/patterns, for the use in impact work, effectively
exemplified by the motivating application through the IMOGEN system. This is in my opinion
the real contribution of this work, but the focus of the paper is not adequately trained on this
aspect. | would recommend major revisions, but I would hope that my request would not be a
show stopper: what | would like to see is the application section expanded, not because | want to
see the results of the impact analysis for their own value, but because | think we need to see how
the pattern scaling performs in the application context, compared to results obtained from using
the actual GCM output (by the way, I do think the use of ESM here is not appropriate, | don’t
think any of the CMIP3 models was an ESM in the sense of including a representation of the
carbon cycle). My main concern is to be able to assess how the differential performance of the
pattern scaling approach across variables and across models impacts the results of a multi-model
impact assessment. | do not think the application section at this time addresses that.

Response 3.1. We thank the Referee for this constructive criticism. First, on notation and similar
to the request of referee one, we have dropped the use of “Earth System Model” description in
the case of the analysed CMIP3 data.

Based on this comment, we have expanded significantly Section 4 “Applications” in which we
undertake an assessment of IMOGEN performance in terms of ability to project changes to
impacts. The focus is placed on mean annual total runoff, and making a direct comparison to
GCM estimates of change. We also added a new Figure 7. The new diagram, its caption and
associated new text in main body of the paper is repeated below.



IMOGEN projections of annual runoff, year 1860
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Figure 7 (Caption — figure below): Estimates of gridbox mean annual total runoff, RTot
(mm/day). These are: top panel, for IMOGEN and year 1860: middle panel, IMOGEN estimates
and year 2090 calculations of Rtot minus those of year 1860: bottom panel, HadCM3 estimates
and mean of year 2080-2099 calculations of Rrot minus those of mean of last 20 years of pre-

industrial control simulation.
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New text: “We additionally undertake an assessment of IMOGEN performance in terms of
ability to project changes to impacts, and when compared directly to GCM estimates of change.
Many of the components of the land surface component of IMOGEN, i.e. JULES, remain
similar to those operated in the HadCM3 GCM. Hence we evaluate an IMOGEN simulation
operated with the HadCM3 patterns, by assessing performance against terrestrial diagnostics
directly from the HadCM3 model. For both IMOGEN and HadCM3 simulations, this is with
SRESA2 CO; emissions and estimated non-CO- radiative forcing also for that scenario, and
with the GCM calculations drawn from the CMIP3 database. The variable we select is total
runoff, which is the combination of surface and subsurface runoff calculations. This is available
from both IMOGEN and HadCM3, and here presented as annual gridbox mean value, RTot (mm
day™).

Runoff provides a challenge for comparison, as it is frequently a relatively small number
between two larger fluxes of precipitation and evapotranspiration (transpiration, plus soil
evaporation and interception loses) and so sensitive to change in those fluxes. Direct comparison
also needs to account for IMOGEN being initialised with a climatology based on the CRU
dataset, and temporal dis-aggregation to sub-daily drivers of JULES having not been calibrated
against any particular GCM. Nevertheless, to be a useful tool for impacts assessment, then
IMOGEN must capture the general features of GCM projections when operated for similar
emissions scenarios.

In Figure 7, we compare IMOGEN versus HadCM3 projections of change in Rrot. The top panel
is modelled year 1860 values, from IMOGEN. The middle panel is the change in Rrot, again for
IMOGEN, and between years 1860 and 2090. The bottom panel is the change in Rrot for
HadCM3, comparing the last 20 years of the pre-industrial control simulation against the last 20
years of SRES-A2 forced simulation, which for the latter is 2080-2099. Multi-year averages are
derived to remove any inter-annual variability, which as yet, IMOGEN does not represent.
Although there are apparent local differences, and recognising the caveats above, then at its
most general many dominant geographical features of change in IMOGEN do have similarities
to those of HadCM3.”

C.3.2. A particular concern is how the performance on individual variables translates into a performance

across variables, i.e., in their joint behavior, for different models’ output. In fact, in this regard,
even the section about “Explanatory power of linear approximation” needs a better description:
What is the meaning of the sentence (and | summarize) “Overall, climate patterns explain one
third of regional climate change”. How is the joint variability/covariability of the variables
evaluated? Is the covariance patterns among all variables taken into account? | would like to see
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a more rigorous and formal definition of how the variance of the joint set of variables is
represented by the emulation.

R.3.2. We agree that the issue of co-variability is important, and are aware of the studies that
look in to more complex pattern-scaling models which partly address this issue (e.g. Frieler et al
2012, now cited in this manuscript). We request, that on this one issue, this is beyond the scope
of this presentation of the IMOGEN 2.0 model.

However we do acknowledge some poor wording in the paper. First, the section of concern is
now titled: “3.3. Performance of linear approximation assumption in “pattern-scaling” for
individual variables”.

Then, in that Section, we now write more clearly, adding “when per-variables results are
averaged” as: “Overall (i.e. when per-variable results are averaged, without considering co-
variance), climate patterns explain one-third of regional climate change (PVE 34.25+5.21)”

C.3.3. If the authors are willing to show how the use of the pattern scaling solution compares to the use
of the original output from the multi-model ensemble | think the article will become more
informative and valuable to the impact research community, within and beyond IMOGEN users.
In this respect | also agree with Dr. Emori that the potential is larger than just the IMOGEN
application and it would be good to point that out.

R.3.3. We agree, and have expanded extensively our Section 4 “Applications”, with a focus on
change in mean annual total runoff. This is by a direct comparison between GCM estimates of
change (for HadCM3), and IMOGEN estimates. Please see our response to query C.3.1. above,
including listing of new diagram, caption and additional text within the manuscript.

C.3.4. Last, two very minor points: | think throughout the paper the word “assembly” has been
erroneously substituted for “ensemble”, my guess because of an auto-correct program.

R.3.4. Corrected — thank you very much for noticing this mistake.
C.3.5. The other word, which I think is used instead deliberately but I question, is “meteorology”. |
think what the pattern scaling approach produces is still “climatology”. These are after all ten-

year means. The use of a weather generator may then produce meteorology at the time scale
needed by the impact model, but that is an add-on to the method that this paper focuses on.

10
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R.3.5. We agree that “climatology” is more accurate and would like to explain that originally we
referred to “meteorology” because of IMOGEN's weather generator. Six instances of
“meteorology” have been changed throughout the text to “climatology”.

Climate pattern scaling set for an ensemble of 22 GCMs - adding
uncertainty to the IMOGEN _vn 2.0 impacts system

Przemyslaw Zelazowski'2, Chris Huntingford?, Lina M Mercado*® and Nathalie Schallert®

*oxford University Centre for the Environment, University of Oxford, Oxford, OX1 3QY, UK
2Centre of New Technologies, University of Warsaw, Warsaw, 02-097, Poland

3Centre for Ecology and Hydrology, Wallingford, OX10 8BB, UK
“Geography, College of Life and Environmental Sciences, University of Exeter, Exeter, EX4 4RJ, UK

5Center for International Climate and Environmental Research (CICERO), Oslo, NO-0318, Norway

Correspondence to: Chris Huntingford (chg@ceh.ac.uk)

Abstract. Global Circulation Models (GCMs) are the best tool to understand climate change, as they attempt to
represent all the important Earth system processes, and including anthropogenic perturbation through fossil
fuel burning. However, GCMs are computationally very expensive, which limits the number of simulations that
can be made. Pattern-scaling is an emulation technique that takes advantage of the fact that local and seasonal
changes in surface climate are often approximately linear in amount of warming over land and globe. This
allows interpolation away from a limited number of available GCM simulations, to assess alternative future
emissions scenarios. In this paper we present a pattern-scaling set consisting of spatial climate change patterns
along with parameters for an energy balance model that calculates the amount of global warming. The set is
derived from 22 GCMs of the WCRP CMIP3 database, setting the basis for similar eventual pattern development
for CMIP5 ensemble. Critically, it extends the use of the IMOGEN (Integrated Model Of Global Effects of climatic
aNomalies) framework to enable scanning across full uncertainty in GCMs for impacts studies. Across models,
the presented climate patterns represent consistent global mean trends, with maximum four GCMs exhibiting
opposite sign of the trend per variable (relative humidity). The described new climate regimes are generally
warmer, wetter (but with less snowfall), cloudier and windier, and with decreased relative humidity. Overall,

Ml

.e.

. TN . . . . . Deleted
when averaging individual performance across all variables, and without considering co-variance, the patterns /{ hd
explain one-third of regional change in decadal averages (mean Percentage Variance Explained, PVE, Deleted
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34.25+5.21), but signal in some models exhibits much more linearity (e.g. MIROC3.2(hires):41.53) than in others Deleted

: results are averaged,

(GISS_ER: 22.67). The two most often considered variables: near-surface temperature and precipitation, have
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PVE of 85.44+4.37 and 14.9814.61, respectively. The dataset is available for download and researchers in the
areas of ecosystem modelling and climate change impact assessment are already starting to use it. Besides
allowing time-efficient assessment for non-standard future scenarios of changed greenhouse gas (GHG)
concentrations, it enables understanding of new representations of land surface processes, and including
climate-carbon cycle feedbacks. Current and potential future applications of such modelling system are
discussed.

1 Introduction

Global Climate Models (GCMs) are the primary source of our understanding of and ability to estimate future ( Deleted

1, also called Earth System Models, ESMs

climate regimes resulting from anthropogenic Greenhouse Gas emissions (GHGs). However, the use of these
tools is limited by their requirements for computing power, and the complexity of the task, in particular in the
case of multi-model assessments. “Pattern-scaling” (Huntingford & Cox 2000, Mitchell et al 2003), is a
methodology that takes advantage of the fact that, to a reasonable approximation, local and seasonal changes
in surface climate are linear in amount of warming over land and globe. It allows interpolation away from a
limited number of available GCM simulations, enabling a time-efficient assessment of surface meteorological

intermediate levels

changes for alternative non-standard future scenarios of changed GHG concentrations. This can include, for /[ Deleted:
example, new scenarios that fall between the current Representative Concentration Pathways (RCP, Taylor et //{ Deleted:
al., 2012), and potentially to investigate pre-defined future temperature thresholds such as two degrees. //{ Deleted:

. if more relevant to the considered scenario

“Climate-change patterns” (or “patterns”) are coefficients of the regression between mean warming over

| Deleted:

the current focus on targeting

J U L

Earth’s land regions, AT, (K) and local changes in surface climatology. They are derived by comparison against \ Deleted:

meteorology

outputs from GCMs, and presented as local monthly mean changes over land per degree of mean global over
land. “Pattern-scaling” is a simple procedure in which these patterns are multiplied by AT, to give local changes

meteorology

in climatology. A global Energy Balance Model (EBM; e.g. Wigley et al. 2000) is then applied to model how the \ Deleted:

GHG concentrations translate into changes in radiative forcing, Q (Wm2) and then into temperature increase
over land regions (AT)).

The IMOGEN framework (Integrated Model Of Global Effects of climatic aNomalies; Huntingford et al. 201Q) is a /[ Deleted:

o

computationally efficient tool for modelling impacts of future climate change on terrestrial ecosystems. It

consists of the JULES land surface model (Best et al., 2011; Clark et al., 2011) linked, to a pattern-scaling module /[ Deleted:

(Huntingford and Cox, 2000). The scaling provides monthly mean changes in climate variables over land, notably
temperature, relative humidity, precipitation and radiation - quantities used to drive ecosystem models. In
addition, a simple oceanic global carbon cycle model is included (Joos et al., 1996 and Appendix of Huntingford
et al., 2004), which expands the typical usage of patterns-scaling by allowing consideration of oceanic climate-
carbon cycle feedbacks, alongside land-based feedbacks. All simulations use an hourly time step and a spatial
resolution of 2.5° latitudinal x 3.75° longitudinal, or 72 by 96 grid boxes, as in the UKMO-HadCM3 GCM. Over

land, but excluding Antarctica, this corresponds to 1631 grid-boxes. Linking forcings to mean warming over land, Moved down [1]: All the energy retained in the planetary
system, and as seen in any difference in top-of-the-atmosphere
radiation, is assumed to enter the oceans in a diffusive process, and

AT, is achieved with the EBM which requires five parameters, described in the Methods section. The relevant

equations are presented in Huntingford and Cox (2000). The five parameters are referred to as IMOGEN EBM thus changing SSTs and then ATi via v.
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calibration parameters (or simply “calibration parameters”), and, as in the case of patterns, they are also
derived from GCM runs, The “patterns” and “calibration parameters” together form a “patterns-scaling set”,

IMOGEN was originally established to allow rapid assessment of a range of alternative GHG emission scenarios,
e.g. corresponding to the standard Special Report on Emissions Scenarios, (SRES, Naki¢enovié et al, 2000) or

Representative Concentration Pathways (RCP, Taylor et al., 2012) where GCM simulations are unavailable, as
well as interpolating away from what GCM simulations do exist to new user-prescribed emissions or
concentration pathways. RCPs were used to inform the recent 5™ IPCC report (IPCC, 2013), via the set of climate
model simulations available at that time in the CMIP5 dataset (Taylor et al 2012). CMIP5 has evolved further
since year 2013 and to hold more simulations; the exercise to calibrate a patterns-scaling set for CMIP5 is under
way. Normally, evolving atmospheric carbon dioxide (CO,) concentrations are calculated as a consequence of
prescribed CO, emissions, along with prescription of non-CO, forcings for other GHGs and aerosols. Then an
overall radiative forcing Q is calculated to drive the EBM. Alternatively, all radiative forcing Q can be prescribed
directly as future forcings’ pathways, in which case CO, concentrations are prescribed, again for scenarios that
differ from the standard ones.

In practise, though, IMOGEN has been used more to assess the effects of new parameterisations, adjustment or
inclusion of new processes into the land surface model. This is as a precursor for any eventual inclusion of land
surface model improvements in a full GCM. IMOGEN allows easy and fast assessment of ranges of
parameterisations, numerical stability checks and critically the relative importance of new understanding of
ecological and hydrological responses globally, and including feedbacks on the carbon cycle. Examples include
the impacts of changes in diffuse radiation on the land carbon sink (Mercado et al., 2009), or the effects of
ozone damage on plant productivity (Sitch et al 2007).

Until recently, these offline studies were performed with patterns of climate change from a single model,
UKMO-HadCM3 (IMOGEN version 1.0, Huntingford et al., 2010). The purpose of this paper is to present a
patterns-scaling set which emulates a broad range of GCMs, and nearly the complete set of those held in the
WCRP CMIP3 database (Meehl et al., 2007). This extends the use of IMOGEN for assessment of climate change,
or land surface response, to scan across uncertainty in climate models. Such uncertainty can then be evaluated
against any further uncertainty in any terrestrial surface impacts of interest. In Section 2 we describe the
methods which lead to the patterns-scaling set. Section 3 describes the actual set, including discussion of found
inter-GCM differences, and we include metrics describing the accuracy of the linearity assumption of
meteorological changes against level of global warming, as implicit in the scaling method. Section 4 reviews
existing applications of the IMOGEN pattern-scaling system and comments on the future benefits of inclusion of
our climate model uncertainty. Finally, Section 5 discusses the strengths and caveats of the pattern-scaling
approach.
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2. Data and Methods

2.1 The WCRP CMIP3 multi-model dataset and data pre-processing

Spatial patterns (i.e. maps) of climate change and energy balance model calibration parameters (together
forming the “climate-patterns set”) are derived from GCM data available through the World Climate Research
Programme Coupled Model Intercomparison Project, phase three (WCRP CMIP3; Meehl et al., 2007). The WCRP
CMIP3 multi-model dataset resulted from an international effort to run a coordinated set of twentieth- and
twenty-first-century climate GCM simulations for a small prescribed number of future scenarios, covering many
aspects of climate variability and change. All these simulations were subsequently analysed and formed the
basis of much that is reported in the Fourth Assessment (AR4) of the Intergovernmental Panel on Climate

\' Deleted: for

Change (IPCC, 2007). The dataset consists of data from 24 GCMs, representing 17 modelling groups from 12
countries. The climate patterns set presented here (Table 1) corresponds to 22 GCMs, because GISS_AOM is an
atmosphere-ocean model without surface meteorological projections over land and key data from
CGCM3.1(T63) GCM were missing (see below). In the case of GISS-EH and GISS-ER GCM, WCRP CMIP3 data were
supplemented with the formally associated pool provided by National Aeronautics and Space Administration
Goddard Institute for Space Studies (http://data.giss.nasa.gov/pub/pcmdi).

The analysed model runs represent scenarios of four types: (i) control experiments: either pre-industrial or
present day (Picntrl, or Pdcntrl), (i) the idealized 1% yr~ CO; increase up to doubled and quadrupled levels
(1pctto2x, 1pcttodx), (iii) the twentieth-century run (20C3M) representing modelled period from pre-industrial
to present-day and (iv) the high- (A2) and mid-emission (A1B) future scenarios defined by the Special Report on
Emission Scenarios (SRES, Nakicenovic et al. 2000). When multiple simulations are available of any particular
scenario, then the analysis is limited to the first available, as the inter-run variability has been reported to be
small (Frieler et al 2012).
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Variables analysed for each GCM are those representing land surface climatology: 1.5 m air temperature (TAS),
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1.5 m relative humidity (HURS), 10 m wind speed (UAS and VAS, combined into direction-less UA), precipitation
(PR, including snow PRSN), downward shortwave (RSDS) and long-wave (RLDS) radiation fluxes and surface
pressure_(PS). The codes in brackets are the name conventions used in the WCRP database for individual
variables. It is these variables that are required to run the JULES land surface scheme inside the IMOGEN
framework. Additionally, Net Radiative Flux at the top of the atmosphere (positive downwards); Top of Model
(RTMT); is also processed, as this is required to drive the global energy balance model.

There were some discrepancies between data requirements to run the IMOGEN system and the actual data
availability in WCRP CMIP3. They are listed in Table 1. For all GCMs, surface relative humidity (HURS) data was
not available, but a 4D representation of this variable at pre-defined pressure levels (HUR) was generally
available. This allowed extrapolation of surface relative humidity from two highest available pressure levels
which are near the land surface. In the case of INGV-SXG, PCM and CCSM3 GCM:s, surface wind was obtained in
the same procedure. For two cases, the required surface data was available, but suffered from quality and other
issues. In UKMO-HadGEM1 data, last month of the SRES A2 simulation was missing (and in this study it was
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filled-in with interpolated values), and surface wind data was presented on non-standard grid (and it was
interpolated onto a standard UKMO-HadGEML1 grid). For MRI-CGCM2.3.2, many values in snow precipitation
data (PRSN) were missing (the data were not used in this study) and there was no land mask available (SFTLF,
later obtained from the Japanese modelling group). Finally, in the case of four GCMs certain non-critical
variables were entirely missing (Table 1).

GCMs differ significantly between each other in the spatial grid resolution and generally how they represent the
Earth surface’s detail (as represented in the “land mask” variable SFTLF which reports gridbox land fraction).

Spatial resolution varies between hundreds of kilometres (e.g. GISS models, or INM-CM3.0) to c. 100 km (e.g.

MIROC3.2hires model, mid-latitudes, Table 1). Data are mapped on either a regular or a Gaussian grid, and
gridbox classification into land and water is either binary (either 100% or 0%) or continuous, with only a part of
GCMs explicitly depicting freshwater bodies in their land masks. This diversity of output spatial properties alone
imposes a challenge for data end-users, including policymakers, especially when it comes to multi-model
assessments of a pre-defined geographical domain. To force our common land surface model within the
IMOGEN system using alternative GCM-based estimates of climate change, we harmonised all types of WCRP
CMIP3 grids into one, which was chosen to be the UKMO-HadCM3. This ensures compatibility with previous
applications of the IMOGEN tool, with resolution of 2.5° latitudinal x 3.75° longitudinal. The common grid
allows, in a systematic way, to capture the impact of climate uncertainty that remains within GC\Vs. More
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information about this re-gridding procedure is provided in the Supplementary Material.

2.2 Climate pattern scaling set and post-processing

The presented climate patterns are a set of regression coefficients, each representing the change per degree of
mean global warming over land, while the fitting is done with decadal average changes against the global mean
warming over land, as predicted by each GCM. The simple form of the analogue model for an anomaly (4) in
one of the considered land surface variables V in the climate regime in the decade ¢ can be described as:

4v(c,g,m, i) = ATy(c, DV, (g, m, D) (1

where the anomaly is linked to a single location on the UKMO-HadCM3 grid (g), month of the annual cycle (m),
GCM (i) and decadal time index (c). Regressions to find patterns V; use global land warmings AT directly from
original GCMs, but when the IMOGEN model is used predictively, then these values are derived using an Energy
Balance Model (EBM) component (see below).

Regressing local climate with mean land warming is done with the assumption that climate is stable before the
anthropogenic impact. This implies that the regression line starts at the origin of the coordinate system, so the
intercept equals zero, and there is a fit with just one regression co-efficient, the slope. This starting point is
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represented by an average of three decades from the twentieth-century run (20C3M, years 1961-1990, Figure
1, panel C) which is a period corresponding to the Climate Research Unit’s Time Series 2.1 (CRU TS 2.1) dataset
describing Earth’s climatology (or “climate normals”, Mitchell and Jones 2005). In the WCRP CMIP3 dataset, the
historical 20C3M GCIV| simulations are normally followed by a future transient run, driven by one of SRES
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scenarios that describe potential pathways ahead in emissions. In the presented work, for most of GCMs, a
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high-emissions “business-as-usual” SRES A2 run was analysed, while in a few cases when these data were not
available the SRES A1B run was used (Table 2), which represents relatively lower levels of warming (Nakicenovic
et al. 2000).

Emulating an ensemble of GCMs requires that the relationship between anthropogenic climate forcings, global

warming and warming over land is established for each GCM separately., The EBM, described in full in ‘ Deleted: This is with an EBM described in full, in Huntingford and ‘
Huntingford and Cox (2000), requires the fitting of five calibration parameters to a simple global energy balance | Cox(2000)

model: (i) an ocean effective thermal diffusivity, Kk (Wm™K), (ii) a constant ratio of mean land and ocean surface

(SST) rate of warming, v, (iii-iv) climate sensitivity over land A, and ocean A, (W m?2 K1), and (v) land fraction f

(variable SFTLF, including Antarctica). All the energy retained in the planetary system, and as seen in any //[ Moved (insertion) [1] ]
difference in top-of-the-atmosphere radiation, is assumed to enter the oceans in a diffusive process, and thus

changing SSTs and then AT, via v. Estimation of EBM parameters was done by fitting them against an

independent set of scenarios: the idealised CO; increase scenario (1pctto2x or 1pctto4x), preceded by a control

experiment: (Picntrl or Pdcntrl). Subsequently, functioning of the parameterised EBM was validated — that is, it

was used predictively - against data from one of the available runs corresponding to SRES scenarios (SRES A2 or

SRES A1B, Table 2). Figure 1 illustrates the key components of the process of deriving a pattern-scaling set in the

case of the UKMO-HadGEM1 GCM.

In general, our climate patterns represent absolute changes. However, for precipitation, we make one
additional calculation which results in data normalisation. This is to circumvent the problem of particularly large
biases in the description of the current precipitation regime by some GCMs (Ines and Hansen 2006). For each
calculated precipitation pattern (4P), this is then multiplied by the ratio of the observed precipitation (Pcru_xxc)
from the CRU TS 2.1 dataset (Mitchell and Jones 2005) and the one simulated by the GCM (Pgcm_xxc) for the

control period. This follows Ines and Hansen (2006), and Malhi et al. (2009): /[ Deleted: ]
P " 3 - ) .2

AP'(g,m,i) = AP(g,m, i) X 7“””“0,"15 9s) (2) | Deleted: i ‘
Pecmee (bms:9) Deleted: g |

Furthermore, the adjustment of Eqn. (2) was performed for each grid box g, month m and GCM j, after N\ ‘ Deleted: is ‘

smoothing in time and space (averaging over the grid box and its immediate neighbourhood: gs, and across | Deleted: g |

three months ms). This reduce significantly the number of artefacts caused by occasional division by near 0. The

remaining few cases of high and low divergence (i.e. Pcruxxc/Pscmxxc) were capped at 5 and 0.2. Snow was scaled

according to the same scaling factor as total precipitation. The final patterns set is available in two versions:

with precipitation normalised by Eqn. (2), and without this.

As a last step, in four cases when available GCMs data had one or two non-key variables missing (Table 1), the

gaps were filled in with across-ensemble means. \ Deleted: assembly
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3 Results

3.1 Energy balance parameters

The five key EBM parameters are presented in Table 2. In most cases (17) climate sensitivity over ocean (A,
Wm2K?) is higher than over the land (A, WmK). The reverse trend is well pronounced in three models (CSIRO-
Mk3.5, MIROC3.2highres, MRI-CGCM2.3.2). Climate sensitivity over land varies five-fold between models and is
the lowest in ECHO-G, UKMO-HadCM3, CGCM3.1(T47) and the highest in BCCR-BCM2.0, PCM, FGOALS-g1.0,
although 2/3rds of the models have a much narrower range 0.9-1.7 Wm™2K™. The most varying variable is ocean
diffusivity (k, Wm™K?), which determines the ability of the ocean to extract heat from the climate system
through diffusion. Even after excluding the two most extreme cases, the range remains high: from 270
(HadCM3, CGCM3.1(T47)) to 2800 Wm-1K-1 (CSIRO-Mk3.0). The most extreme value of 11000 Wm™?K™ is for the
FGOALS-g1.0 GCM, which clearly stands out from the ensemble, This spread reflects the fact that a full
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understanding of oceanic flows and deeper overturning, which affects mean vertical heat transport, is still
required to reduce model spread. In comparison, the land/ocean temperature increase contrast (v) is a
remarkably stable parameter, with a range 1.40-1.78 across all models.

3.2. Patterns across models, space and seasons
Across models, patterns of particular variables represent consistent trends when averaged spatially and across
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months (Table 3), with maximum four exceptions per variable (relative humidity), i.e. cases when average
pattern is of opposite sign than in the majority of GCMs. The patterns capture the nature of a new emerging
climate regimes, which can be characterised as warmer, wetter (but with less snowfall), cloudier and windier,
with decreased relative humidity, and increased atmospheric pressure. Globally, relative humidity stands out as
the variable with the highest uncertainty in the magnitude of change, with SD across the models exceeding the
mean. In the case of other variables apart from longwave downward radiation and air temperature near surface
(RLDS, TAS, with very small spread) the magnitude of standard deviation is similar (62-88 % of the mean).

In the case of each GCM, the patterns represent a unique regional and seasonal distribution of change in
surface climatology in a greenhouse-gas enriched atmosphere. To present these differences, we focus on two of
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the strongest drivers of terrestrial ecosystems change (and co-incidentally, which are also having the largest
influence on society in general) — that is adjustments to temperature and precipitation. The annual mean rate of
warming per degree of global warming over land (Figure 2) in some models is much more evenly distributed
geographically (e.g. BCCR-BCMZ2.0) than in others (e.g. NCAR-PCM1). However, all of the models exhibit the
majority of warming in Northern latitudes. The smallest warming occurs in tropical Africa and Asia, while in
tropical South America the magnitude is much more uncertain. The spatial pattern of warming is either well
stratified with latitude (e.g. FGOALS-g1.0 model), or more nuanced (GISS models). The patterns of precipitation
change (Figure 3) are more complex and in some regions they exceed the uncertainty in regional warming (e.g.
South America); however, in other areas the signal is very consistent, such as drying of Southern Europe.

Across-model seasonal averages (Figure 4 and 5, for temperature and precipitation respectively) reveal a more
spatially and temporally consistent picture than when considering models individually. These figures show that
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the majority of warming occurs on Northern latitudes during colder seasons. Moreover, there is a strong
summer warming trend over mid-West North America, Mediterranean region, Middle East and Central Asia. The
seasonal patterns of precipitation change appear as linked to those of temperature, but are generally more
uncertain. Winter warming in the North is accompanied by more precipitation which contrasts with lower
summer warming and reduced rainfall. Changes in tropical rainfall appear as much more uncertain. Western
and Central Africa porth of equator is a zone with particularly high uncertainty regarding summer warming.
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Stippling in Figure 5 provides additional measure of uncertainty - it indicates when there is agreement in 90% of
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the models, as to whether precipitation is going to increase or decrease. This is the case over most of the land
area and seasons. However, in many dry areas and seasons where this measure is not robust due to low
precipitation levels (and the signal is difficult to detect), the agreement is uncertain. Some areas stand out in
this regard: large parts of South America in northern winter and summer, high northern latitudes in the summer
and central Asia in autumn. That rainfall changes remain a large uncertainty in climate model projections is
noted in the 4" IPCC report (IPCC 2007).

3.3. Performance of linear approximation assumption in “pattern-scaling” for individual
variables

The robustness of climate patterns is assessed by their ability to reproduce the decadal GCM data. It varies
widely between variables, which can be split into four categories, according to the mean Percentage Variance
Explained (PVE) metric (Table 3), a simple way to assess each variable separately through the analysis of decadal
means against the pattern. The most robust are the patterns which represent the drivers of global warming:
temperature TAS and long-wave radiation RLDS (PVE 85.44+4.37, and 84.74+4.97, respectively). The next group
consists of variables, which explain around one quarter of variance: short-wave radiation RSDS and air pressure
PS. Variables linked to availability of water: precipitation PR, snowfall PRSN, relative humidity HURS, form the
third group (PVE 14.98%4.61, 17.96+4.67, 16.92+5.71, respectively). The last category is represented by wind
patterns (of combined variables UAS and VAS), which represent only 7.11+3.32 PVE. Wind patterns also contain
the highest proportion of negative PVE (4.9%).

Overall (i.e. when per-variable results are averaged, without considering co-variance), climate patterns explain
one-third of regional climate change (PVE 34.25+5.21); however, sjgnal in some models exhibits much more
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linearity (e.g. MIROC3.2(hires): 41.53) than in others (GISS_ER: 22.67). These estimates exclude cases where the
PVE statistic could not be calculated due to either a lack of data (2.8%, Table 1), or null (e.g. short-wave
radiation during polar night) and extremely low values (e.g. precipitation in the dry season), accounting for 6.7%
of cases.

In terms of spatial distribution of robustness of the two key variables: temperature and precipitation (Figure 6),
it is generally the opposite. For temperature, lower PVE values occur in the North, with minimum over
Greenland and North-West North America (but still above 50%). The highest values occur across the Tropics. In
the case of precipitation, the highest PVE occurs over the northern latitudes (above 50°N), particularly in Asia. In
some Tropical areas (sub-saharan Africa, South-East Amazon) areas with relatively robust signal (PVE ~20%) are
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adjacent to regions where the robustness could not be estimated due to very small and erratic rainfall in the dry
season.

4. Applications

The “pattern-scaling” concept was originally designed as a tool for scientists to inform policymakers, enabling
investigation of expected changes in surface climatology for a broader range of scenarios of atmospheric
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greenhouse gas concentrations than available in archived GCM runs. The original version of a framework
capturing, in effect an interpolation methodology, was based around UKMO-HadCM3 GCM (Huntingford and
Cox, 2000). Once the IMOGEN system (Huntingford et al., 2010) linked such scaling of meteorological drivers to
force directly a land surface model, the main application of such framework has been to undertake global
analyses of ecosystem response in a changing climate. Particular examples include quantification of wetland
methane feedbacks (Gedney et al., 2004), the impacts of changes in diffuse radiation to the land carbon sink
(Mercado et al., 2009), the effects of tropospheric ozone on plant productivity (Sitch et al., 2007), the
significance of energy crop planting on future atmospheric CO, concentration (Hughes et al., 2010) and how
alternative mixtures of changes in atmospheric composition, even corresponding to identical radiative forcing
changes, can have very contrasting impacts on land surface carbon stocks (Huntingford et al., 2011).

The potential for Amazon forest collapse, or “die-back”, remains an iconic concern for potential climate change
impacts. Such a possibility has been identified in a combined climate-carbon cycle climate model UKMO-
HadCM3LC (Cox et al 2000, 2004). Later, the robustness of predictions of Amazon ‘dieback’ were investigated
with IMOGEN (version 1.0) and the original UKMO-HadCM3 patterns (Huntingford et al. 2008), by analysing the
vegetation response to (i) some limited uncertainty via prescribed bounds in the parameterisations of the
atmospheric component of UKMO-HadCM3 (related to HadCM3LC), (ii) description of canopy radiation
interception — “big leaf” versus “multilayer” and (iii) representation of vegetation dynamics using an area based
model and an individual based model. All simulations show a fairly robust dieback. More recently, a set of the
climate patterns described in this paper were used to analyse the potential for tropical rainforest “die back”.
Zelazowski et al. (2011) combined the patterns and global contemporary climatology to produce high resolution
maps of the future extent of humid tropical forests, while Huntingford et al. (2013b) forced the IMOGEN
framework with the full set of patterns. Both studies found that models other than UKMO-HadCM3 are less
likely to project such losses, which reflects the particularly stronger climatic signal for the Amazon region
temperature and precipitation changes for UKMO-HadCM3, as noted in Figures 2 and 3 above.

In order to exemplify the ability of IMOGEN to project changes to impacts, we report results of the mean annual

total runoff (R, mm day?) simulation (Figure 7), and compare them directly to GCM estimates of change.
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Many of the components of the land surface component of IMOGEN, i.e. JULES, remain similar to those
operated in the HadCM3 GCM. Hence we evaluate an IMOGEN simulation operated with the HadCM3 patterns
by assessing performance against terrestrial diagnostics directly from the HadCM3 model. For both IMOGEN
and HadCM3 simulations, this is with SRESA2 CO, emissions and estimated non-CO, radiative forcing also for
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that scenario, and with the GCM calculations drawn from the WCRP CMIP3 database. The variable we select is
total runoff, which is the combination of surface and subsurface runoff calculations. This is available from both

IMOGEN and HadCM3, and here presented as annual gridbox mean value, Riot. /{Formatted: Font: Italic

Runoff provides a challenge for comparison, as it is frequently a relatively small number between two larger
fluxes of precipitation and evapotranspiration (transpiration, plus soil evaporation and interception loses) and
so sensitive to change in those fluxes. Direct comparison also needs to account for IMOGEN being initialised
with a climatology based on the CRU dataset, and temporal dis-aggregation to sub-daily drivers of JULES having
not been calibrated against any particular GCM. Nevertheless, to be a useful tool for impacts assessment, then
IMOGEN must capture the general features of GCM projections when operated for similar emissions scenarios.

In Figure 7, we compare IMOGEN versus HadCM3 projections of change in Riot. The top panel shows modelled /{Deleted: X

year 1860 values, from IMOGEN. The middle panel shows the change in Riot, again for IMOGEN, and between \fpormatted; Font: Italic

years 1860 and 2090. The bottom panel shows the change in Ri.t for HadCM3, comparing the last 20 years of \(Formatted: Font: Italic

the pre-industrial control simulation against the last 20 years of SRES-A2 forced simulation, which for the latter \(Formatted: Font: Italic

o

is 2080-2099. Multi-year averages are derived to remove any inter-annual variability, which as yet, IMOGEN
does not represent. Although there are apparent local differences, and recognising the caveats above, then at
its most general many dominant geographical features of change in IMOGEN do have similarities to those of
HadCM3.

Whilst IMOGEN framework allows testing hypotheses in more advanced land surface configurations, such as
JULES (Mercado et al., 2007), the major advantage of routine utilisation of the full set of patterns described in
this paper is that any assessment of uncertainty in how the land surface may function, for different levels of
atmospheric greenhouse gases, can be now understood in the context of the full spectrum of uncertainty
implicit in climate models from different GCM research centres. To aid this even further, ultimately the analysis
of Sitch et al. (2008), in which the IMOGEN system is used to diagnose uncertainty in representation of future
plant biogeography and climate-carbon cycle feedbacks using five Dynamical Global Vegetation Models
(DGVMs), but combined with only a single set of climate models patterns based on UKMO-HadCM3, can be re-
visited. If each DGVM modelling centre could operate their latest DGVM configuration, across the range of
emulated GCMs, then this would give a fuller estimate of the balance between implications of uncertainty in
climate and uncertainty in terrestrial ecosystem response and its feedbacks on the global carbon cycle.

In some regards, land surface models in GCMs are still in their infancy, considering the growing knowledge of
how vegetation responds physiologically to imposed climatic changes. For this reason, there are many future
plans to use IMOGEN as an intermediate step, before inclusion in a full GCM, to test and demonstrate the
relative importance of a particular new understanding. For example, we have used the patterns derived on this
paper on an analysis of the sensitivity of the future land carbon storage to thermal acclimation of plant
photosynthesis (Mercado et al., in preparation). This is a noted major deficiency in current large-scale terrestrial
models (Booth et al 2012; Huntingford et al., 2013a; Smith and Dukes 2013). In addition, the assessment of
newly available enhanced description of leaf dark respiration (Atkin et al., 2015) is needed, as well as the
inclusion of both Nitrogen and Phosphorus constraints to plant productivity in tropical ecosystems (e.g.
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Mercado et al., 2011), and inclusion of a full representation of a coupled Carbon-Nitrogen cycle in JULES (Zaehle
et al 2010). Furthermore, it is desirable to test the effects of adding height competition into the vegetation
dynamics module of JULES, in order to add ecological succession modelling (Smith et al 2001; Moorecroft et al
2001), along with assessing the impacts of improved representation of stomatal conductance (Medlyn et al
2011; Kala et al 2015) and plant hydraulics (Sperry et al. 2015) on simulated land carbon- and water-cycles to
climate. The later could extend as far as testing any hormonal signalling in the hydraulic linkages between soil
moisture and stomata response; an effect well known by the physiological community but hereto never tested
in a full large-scale gridded land surface model (Huntingford et al., 2015). Finally, impacts of introducing a better
representation of plant functional types and plant trait variation across space and time (Verheijen et al 2015) on
simulated land carbon should also be considered.

5. Discussion

In this paper we present a “pattern scaling set”, consisting of spatially explicit climate change patterns and EBM
calibration parameters, which together represent 22 GCMs of the WCRP CMIP3 database (Meehl et al., 2007).
This data set extends the use of the IMOGEN climate impacts assessment tool to scan across uncertainty in
climate models. Despite relying on a set of simple assumptions, the tool can capture a significant part of the
predicted changes in surface climatplogy. Terrestrial ecosystem response studies can use this modelling
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framework to gain new insights into how the land surface component of the Earth system functions.

An important aspect of the presented work is the comprehensive study of pattern’s robustness, i.e. their ability
to capture variability of climate simulated by GCMs. The fact that together the set of considered variables
capture 1/3rd of decadal variability in monthly averages, suggests that it is a technique with a significant
potential, especially since it allows a large reduction in input data and computation requirements through
removal of the time dimension. Overall, the presented patterns are in good agreement with the results
presented in the Fourth Assessment Report of the Intergovernmental Panel on Climate Change (see Sl and
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Figure 10.9 in Meehl et al., 2007). This applies to both the multi-model mean changes in surface climate, as well
as the degree of agreement between the models (stippling in Figure S3).

However, the ability of climate patterns to capture the course of changes varies significantly between the
modelled climate variables. In contrast to temperature change (85.44+4.37% of variability explained by climate
patterns), change in precipitation, which is amongst critical aspects of climate change, is generally relatively
difficult to capture in this linear methodology. Into a large extent this is a consequence of the fact that the
original GCM results are also relatively inconsistent as regards precipitation. In climate patterns this uncertainty
is further exacerbated, and in consequence overall 85% of variability remains unexplained, although it should be
noted that in some regions seasonal precipitation patterns explain up to 75% of variability (generally at high
northern latitudes). The very poor performance in precipitation estimation over dry zones is in part because it is
not possible to capture the trend through what are very low precipitation levels. In these areas, the mean
change over decades gives low PVE values, as any change in very small current absolute precipitation can result
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in high relative deviations from preindustrial levels. In such circumstances, precipitation is very much
dominated by inter-annual fluctuations which mean scaling cannot be captured well.

The presented work is an attempt to unify the spatially heterogeneous GCM data resource. Placing on a
common grid brings strong benefits to the IMOGEN tool. However as a result of the applied procedure for re-
gridding combined with land mapping (see Supplementary Material), the calculated regional patterns represent
areas that are comprised fully of land, while in much of original GCM data grid-boxes represents a mix of land
and ocean. The total land fraction in the presented spatial patterns is slightly increased, mainly because some
mixed land/ocean areas are replaced by land-only estimates to match the UKMO-HadCM3 grid with grid-boxes
of either pure land or ocean (see Figure S1). This increases the average grid-box warming, due to diminished
representation of the oceanic heat uptake. As a result, the fitting procedure yields regional warming patterns
(column “TAS” in Table 3) which, when area-weighted, overall return a value slightly larger than 1.0 K/K.
However, this effect has no impact on the global energy budget in the IMOGEN framework, which is resolved
independently with EBM.

There are a number of potential methodological enhancements that can be implemented in the next version of
the dataset including the way it is utilised by the IMOGEN framework. For example, so far the natural variability
around the trend in IMOGEN is simulated through a daily “weather generator” component, under the
assumption that the spread remains within the set bounds. However in reality the signal in GCM runs can not
only adjust the mean but also the variability itself. This suggests that future research, at least for some
variables, additional patterns might be needed that capture variability changes. Furthermore, an extra set of
patterns to capture longer-term inter-annual or inter-decadal variability, over and beyond linear changes, could
be considered. Model outputs have, until recently, been continuously added to the newer CMIP5 database;
pattern-scaling against those newer GCMs can now be undertaken.

Global temperature changes due to atmospheric gas composition that adjusts radiative forcing is achieved
through a small number of parameters in a global energy balance model. However aerosols in particular cause
problems for this, as the gases are not well-mixed, unlike greenhouse gases. Instead they show strong spatial
variation and thus make strong regional variation in radiative forcing, unlike the relatively spatially homogenous
greenhouse gases. Shiogama et al. (2010) showed that pattern-scaling is less reliable in the case of precipitation
than for temperature in part because precipitation is more sensitive to aerosol forcing. A potential
improvement in the presented method in this regard is to use additional spatial masks for aerosol-affected
regions.

In terms of many metrics, pattern-scaling is a method that can approximate the vastly more complex GCM
frameworks. However this comes with caveats as to its limitations (Good et al., 2015). For example, local
climatic feedbacks are not constant in time, and different components of the climate system respond on
different timescales (Chadwick & Good, 2013). Nevertheless, as long as used aware of its limitations, its
simplicity, availability and computational speed of operation does allow for intermediate analysis before
operation of full-complex GCMs with new land surface parameterisation. This paper takes the further step of
adding to its capability the scanning across of a large set of GCMs emulated.
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In addition to sources of uncertainty which are linked to methods and the assumptions made, there is
uncertainty linked directly to input data quality. For example, the decision to use 20C3M and SRES scenario to
derive patterns, and the idealised scenario of 1% annual CO, increase to calibrate the EBM model, reflects a
compromise between the accuracy of patterns and forcings. It could be argued that ideally both the patterns
and the calibration parameters should be derived from the same set of GCM runs. However, since the SRES runs
are longer (12 decades with part of the 20C3M run), therefore they are a relatively better source for detection
of the linear trend (Mitchel 2003), whereas for one-third of GCMs a necessary alternative would be the
idealised scenario of 1% annual CO; increase to double levels which provides only 7 decades. On the other
hand, the idealised CO; increase scenarios are a better basis for energy balance model calibration for rigorous
studies on the impacts of various CO, emission pathways, because the definition of SRES forcings varies
between modelling groups (they often encompass atmospheric aerosols) and they are generally poorly
documented.

Ultimately, a better dataset is likely to be the CMIP5 ensemble. This formed the basis of the recent 5th IPCC
report (IPCC, 2013) using diagnostics available at that time, and is a database only recently completed, has
much potential to improve the performance of the described pattern-scaling framework. Aside from the fact
that the models themselves have improved, more scenarios are considered, allowing better handling of forcings
other than CO,, and data availability is better. For this reason, the main next enhancement of the IMOGEN
system is to migrate over to the CMIP5 dataset. With preparations now starting for the 6th IPCC report, and
new simulations being made for that, it is timely to consolidate, and calibrate a new set of patterns for the
CMIPS5 family of GCMs, building on the analysis presented in this paper.

Data and Code Availability

The IMOGEN version 2.0 patterns and EBM parameters, along with documentation, are available for full
download (under “IMOGEN”") from the UK Environmental Information Data Centre (EIDC; http://eidc.ceh.ac.uk).

The IMOGEN framework (Huntingford et al. 201Q) have become a component of the JULES land surface /[ Deleted: 1
initiative (Best et al., 2011; Clark et al., 2011), and it is available via that route (jules.jchmr.org). For the most up- Deleted: a
to-date IMOGEN code, please contact the corresponding author. Deleted: been
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Jable 1. Availability of WCRP CMIP3 data for the climate patterns study, and characteristics of models’ depiction of land and water — 1 Deleted: 1

areas (variable sftlf). Land/water transition is either continuous (cont.) or abrupt (binary mask - bin.). The first characteristic in column
“Land mask” pertains to coastlines, whereas the second — to inland waters. The codes in column “Data gaps and issues” are: M — missing,
E — 4D variable (surface values need to be extrapolated), G — data gaps, R — some data needed resizing.

GCM name Origin Land mask Resolution Data gaps and issues
1. BCCR-BCM2.0 Norway cont./cont. 64x128 E (HUR)
2. CGCM3.1(T47) Canada bin./bin. 48x96 E (HUR)
3, CNRM-CM3 France bin./bin. 64x128 E (HUR)
4, CSIRO-Mk3.0 Australia bin./bin. 96x192 M (UAS, VAS, PS)
5, CSIRO-Mk3.5 Australia bin./bin. 96x192 E (HUR)
6. GFDL-CM2.0 USA cont./bin. 90x144 E (HUR)
7. GFDL-CM2.1 USA cont./bin. 90x144 E (HUR)
8. GISS-EH USA bin./cont. 46x72 E (HUR)
Q. GISS-ER USA bin./cont. 46x72 E (HUR), M (RLDS)
10. FGOALS-gl.0 China cont./bin. 60x128 E (HUR)
11. INGV-SXG Italy bin./bin. 160x320 E (HUR, UAS, VAS), M (RLDS, RSDS)
12. INM-CM3.0 Russia bin./bin. 45x72 E (HUR)
13, IPSL-CM4 France cont./bin. 72x96 E (HUR)
14. MIROC3.2(hires) Japan cont./cont. 160x320 E (HUR)
15.  MIROC3.2(medres) Japan cont./bin. 64x128 E (HUR)
16. ECHO-G Germany-Korea bin/bin. 48x96 M (HUR)
17.  ECHAMS5/MPI-OM Germany cont./bin. 96x192 E (HUR)
18. MRI-CGCM?2.3.2 Japan cont./cont. 64x128 E (HUR) G (PRSN)
19. CCSM3 USA cont./bin. 128x256 E (HUR, UAS, VAS)
20. PCM USA cont./bin. 64x128 E (HUR, UAS, VAS)
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21, UKMO-HadCMm3 UK bin/bin. 73x96 E (HUR)

22. UKMO-HadGEM1 UK cont./bin. 145x192 E (HUR), R (UAS,VAS)
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Table 2. Calibration parameters of the simple IMOGEN Energy Balance Model, for each considered Global Circulation Model. The first
column presents which runs (experiments) were used to derive the parameters, listed in the following columns: (i) an ocean effective

thermal diffusivity which determines the uptake of energy, k (WmK1), (ii) a constant ratio of mean land and ocean surface (SST) rate of
warming, v, (iii-iv) climate sensitivity over land A, and ocean A, (W m2 K1), and (v) f, which is a land fraction, including Antarctica, f. The
last column presents GCM-specific ratios of warming aver all land per degree of global warming.

GCM Calibration basis E:::m A 20 K v f AT/°K
1. BCCR-BCM2.0 pictrl, 1% to2x SRES A2 2.00 2.30 350 1.40 0.28 1.26
2. CGCM3.1(T47) pictrl, 1% to4x SRES A2 1.50 1.30 270 1.50 0.31 1.30
3. CNRM-CM3 pictrl, 1% to4x SRES A2 1.65 1.58 500 1.46 0.28 1.29
4. CSIRO-Mk3.0 pictrl, 1% to2x SRES A2 1.20 1.25 2800 1.69 0.29 141
5. CSIRO-Mk3.5 pictrl, 1% to2x SRES A2 135 0.80 1300 1.58 0.29 1.35
6. GFDL-CM2.0 pictrl, 1% to4dx SRES A2 1.15 1.70 510 1.53 0.30 1.32
7. GFDL-CM2.1 pictrl, 1% to4x SRES A2 1.15 2.05 460 1.58 0.30 1.35
8.  GISS-EH pictrl, 1% to2x SRES A1B 1.30 1.65 520 1.48 0.29 1.30
9. GISS-ER pictrl, 1% to4x SRES A2 1.05 1.40 1200 1.61 0.29 1.37
10. FGOALS-gl.0 pictrl, 1% to2x SRES A1B 1.80 2.80 11000 1.47 0.30 1.46
11, INGV-SXG pictrl, 1% to4x SRES A2 0.70 1.90 320 1.65 0.28 1.39
12. INM-CM3.0 pictrl, 1% to4x SRES A2 135 1.70 500 1.50 0.30 1.30
13. IPSL-CM4 pictrl, 1% to4dx SRES A2 1.00 1.10 700 1.57 0.30 1.34
14, MIROC3.2(hires) pictrl, 1% to2x SRES A1B 1.00 0.70 510 1.38 0.29 1.24
15. MIROC3.2(medres)  pictrl, 1% to4x SRES A2 0.83 1.00 720 157 0.29 1.35
16. ECHO-G pdctrl, 1% todx  SRES A2 1.05 1.80 50 1.76 0.29 1.45
17. ECHAMS5/MPI-OM pictrl, 1% to4x SRES A2 0.86 0.95 500 1.60 0.29 1.36
18. MRI-CGCM2.3.2 pdctrl, 1% todx  SRES A2 1.68 1.25 380 1.38 0.30 1.22
19. CCSM3 pdctrl, 1% todx ~ SRES A2 1.10 1.70 1200 1.47 0.29 1.29
20. PCM pdctrl, 1% to4x ~ SRES A2 195 2.30 720 1.43 0.29 1.27
21. UKMO-HadCM3 pictrl, 1% to2x SRES A2 0.40 1.85 270 1.78 0.29 1.45
22, UKMO-HadGEM1 pictrl, 1% to4x SRES A2 0.92 1.46 480 1.60 0.29 1.36

All 1.23+0.40  1.57+¢0.51 1148+2220 1.55+0.11 0.29#0.01  1.34+0.06
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Table 3. Mean climate change patterns (change in quantity per degree of global warming). Values in italics are across-

£nsemble averages used to fill in data gaps. In these cases, the Percentage Variance Explained statistic was not calculated.

Across-variables summary values (last column) which concern incomplete sets of variables are in square brackets.
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1.0572 -0.7051 0.0137 5.6891 0.2089 0.0096 -0.0036 -0.0542
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Figure 1: lllustration of the process leading to parameterization of the IMOGEN Energy Balance Model,and the scaled [ Deleted: ,

climate patterns (together forming the “pattern scaling set”), based on the example of the UKMO-HadGEM1 GCM. A:
emulation of a warming pathway across time. The 1% to quadrupling atmospheric CO, run was used for calibration of the
energy balance model while the SRES A2 scenario run was used to validate the results. B: Fitting of the individual EBM
parameters, underlining the match presented in A. Climate sensitivities over land A; and ocean Ao, as well as the ratio of land
to ocean warming rate, v, (pink lines) are derived directly from GCM run data (black curves, 1% run). The fourth parameter,
an ocean effective thermal diffusivity, k, determines modelled oceanic temperature profile. The k value is selected based

upon comparing calculated values of top-pf-profile temperature against global mean SST changes projected by UKMO- 1 Deleted: of

HadGEM1 1% run (shown). C: Example local fitting of patterns of temperature and precipitation, found as regression
coefficients (coloured straight lines) against calculated changes in mean temperature over land from UKMO-HadGEM 1.
Two representative grid-boxes in Mediterranean Europe and Tropical Africa are shown. Coloured symbols are decadal mean
monthly values from the UKMO-HadGEM1 SRES A2 run, whilst the grey markers represent data from the 20C3M simulation,
which were used to normalize to temperature and precipitation change, and are also corresponding to CRU normals (years
1961-90). Regression “pattern” fit is forced through [0,0] point, as in diagrams.
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Supplementary Information

Lund masks Land mapping cases
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Figure S1. Three examples of GCM grids (on the left), representing main grid categories in the CMIP3 dataset. Diagrams on
the right show where different re-gridding strategies were applied in order to translate each grid-box into the UKMO-
HadCM3 GCM land grid-boxes.
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Figure S2. Annual means and variation (2*SD) in the monthly patterns of local precipitation change per degree warming
over all land (mm yr-1 K-1), across 22 GCMs. In regions marked with stippling more than 66% of the models agree in the
sign of the change. This figure has been prepared to enable comparison with Figure 10.9 in Meehl et al (2007).
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Table S1. Type of overlap between land grid-boxes of the UKMO-HadCM3 grid and corresponding areas across other 22 GCM
considered in this study.

Mapping case Number  Fraction of
of cases the dataset
1 only 100% land overlaid and averaged 32900 0.6281
2 some 100% land overlaid and averaged (ocean and mixed areas) 14012 0.2675
3 100% land found in the neighbourhood and 100% land cases averaged 119 0.0023
4 no 100% land in the neighbourhood found, so take mixed land (frac>=0.5) from the grid-box 5109 0.0975
5 no 100% land in the neighbourhood found, so take mixed land (frac>0) from the grid-box 183 0.0035
6 no 100% land in the neighbourhood found, nor mixed land in the grid-box, but mixed land 6 0.0001
in the neighbourhood
7 no land at all found (so simple averaging done) 53 0.0010
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Supplementary Material

S1. Files containing climate change patterns

The final climate pattern scaling set is available in two versions: A: with precipitation normalised
(file pattRelPrFin_v3c.zip, see Data and Methods), and B: without normalisation (file
pattFin_v3c.zip).

Each of the two dataset versions contains 22 directories with named after GCMs considered in this
study (pattRelPR_d2_GCMNAME and patt_d2_GCMNAME in version A and B, respectively). Each
directory contains 12 ASCII text files with names corresponding to months they represent. Each file
contains a one-line header followed by 1631 lines, each one containing patterns for a single
location. Meaning of consecutive columns is as follows:

1. Longitude, 2. Latitude, 3. TAS pattern, 4. HUR at surface pattern, 5. Wind (UAS+VAS) pattern, 6.
(empty), 7. RLDS pattern, 8. RSDS pattern, 9. (empty), 10. PR pattern, 11. PRSN, 12. PS pattern, 13.
(empty)

IMOGEN EBM calibration parameters are given in Table 2.

The files can be downloaded from the UK Environmental Information Data Centre (EIDC; Deleted: at:

http://eidc.ceh.ac.uk)

S2. Homogenisation of GCM resolutions and land masks

GCMs differ between each other in terms of how precisely they represent the Earth surface’s detail | Deleted: EsM

(as represented in the “land mask” variable SFTLF). Spatial resolution of these data varies between

GCMs (Table 1), ranging from hundreds of kilometres (e.g. GISS models, or INM-CM3.0) to around \ Deleted: ESM

50 km (e.g. MIROC3.2hires). Concerning grid spacing, data are mapped on either a regular or a

Gaussian grid. In addition, GCIV| grid-boxes are split into land and water in a number of ways (see | Deleted: EsM

below). This diversity of output spatial properties alone imposes a challenge for data end-users,
including policymakers.

Implementation of CMIP3 patterns in the IMOGEN system included transforming all types of WCRP
CMIP3 grids into one, which was chosen to be the UKMO-HadCM3, based on the need for
compatibility with previous applications of the tool.

There are four types of land mask: (i) binary (each grid box is100% land, or 100% water, e.g. UKMO-
HadCM3), (ii) continuous without inland waters (from 0% to 100% of land, e.g. UKMO-HadGEM1),
(iii) binary for oceans, continuous for inland waters (e.g. GISS models), (iv) continuous with inland
waters (MIROC3.2(hires)). This is important because the IMOGEN tool was originally designed to
model impact over land (excluding Antarctica), assuming different warming rate for land and ocean
areas, and therefore the climate patterns used to drive it need to apply to land as much as possible.
In order to achieve that, the following procedure was implemented.

First, spatial resolution of CMIP3 data was homogenized to 1 x 1 degree through bilinear
interpolation. Subsequently, the data were re-mapped onto the HadCM3 model grid with binary
representation of land and ocean and no inland freshwater bodies. The mapping procedure
distinguishes between land, ocean and mixed areas, and allows for minor spatial shifts in grid boxes
in order to preserve the land/ocean contrast in surface variables. Since the initial 1 x 1degree
resolution is finer than in the HadCM3 grid, this enables the procedure of segregation of fine grid-
boxes overlapping with a particular HadCM3 land grid-box, according to the proportion of land they
represent. When ‘100%’ land fine grid-boxes are present, only these are averaged and assigned the
HadCM3 grid-box. Fractional land grid-boxes are used in the absence of 100% land and in the rare
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cases when no land overlaps with the HadCM3 land grid-box then the immediate neighbourhood is
included in the procedure. Land areas represented in the final output may exhibit a significantly
altered behaviour (in terms of mean surface temperature and Top-Of-Atmosphere radiative fluxes);
however, this dataset is only used to characterise ‘pure’ land occurring within, or nearby, each grid-
box, while the assessment of global changes in temperature, or modelling of the energy balance of
land and ocean is done using AOGCM data in its original format.

Relationship between the radiative forcing due to CO; increase and the surface temperature
increase over land and ocean is derived based on the original GCM data, before its mapping onto
UKMO-HadCM3 grid. It relies on the decoupling of energy fluxes over land and oceans, which in the
‘continuous’ grids is hampered into a small extent because of the existence of grid-boxes containing
both land and ocean, where partitioning of energy fluxes between land and ocean with full certainty
is not possible. In the case of a few grids which represent inland fresh water, the UKMO-HadCM3
representation of inland was used to over-write the original land fraction values.

S3. Trends in annual precipitation change - comparison with IPCC data
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