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Key Points:

+ Out-of-sample testing when introducing bias correction approaches is critical

+ Biases in trends can dominate uncertainty in estimates of anthropogenic effect on ex-
treme weather

+ Calibration on distribution shapes does not guarantee improved skill of attribution
statements
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Abstract

Climate models serve as indispensable tools to investigate the effect of anthropogenic emis-
sions on current and future climate, including extremes. However as low dimensional ap-
proximations of the climate system, they will always exhibit biases. Several attempts have
been made to correct for biases as they affect extremes prediction, predominantly focused on
correcting model-simulated distribution shapes. In this study, the effectiveness of a recently
published quantile-based bias correction scheme, as well as a new subset selection method
introduced here, are tested out-of-sample using model-as-truth experiments. Results show
that biases in the shape of distributions tend to persist through time, and therefore correcting
for shape bias is useful for past and future statements characterising the probability of ex-
tremes. However, for statements characterised by a ratio of the probabilities of extremes be-
tween two periods, we find that correcting for shape bias often provides no skill improvement
due to the dominating effect of bias in the long-term trend. Using a toy-model experiment,
we examine the relative importance of the shape of the distribution versus its position in re-
sponse to long-term changes in radiative forcing. It confirms that the relative position of the
two distributions, based on the trend, is at least as important as the shape. We encourage the
community to consider all model biases relevant to their metric of interest when using a bias
correction procedure and to construct out-of-sample tests that mirror the intended applica-
tion.

1 Introduction

Observations and climate models show an increase in the frequency and intensity of
hot and wet extremes and a decrease in the frequency and intensity of cold extremes, as asso-
ciated regional mean temperatures increase [Alexander et al., 2006; Seneviratne et al., 2012;
Hartmann et al., 2013; Collins and Knutti, 2013; Lewis and King, 2015]. These changes co-
incide with a period of rapid increase in atmospheric CO, concentrations as a consequence
of anthropogenic industrialisation. Given the current state of rapid change, the climate sci-
ence community, governments, the public, and news media have become interested in how
human interference with the climate system has affected various characteristics of extreme
weather. This includes current changes in occurrence probability [Peterson et al., 2012,
2013; Herring et al., 2014, 2015, 2016]—a field known as ‘event attribution’—as well as
21st century (and beyond) projections of extremes [Sillmann et al., 2013] and the impacts
associated with them [Patz et al., 2005]. Since the 2015 Paris Agreement, which aims to pur-
sue efforts to limit warming to 1.5°C above pre-industrial levels, and hold the increase in the
global average temperature to well below 2°C, studies comparing projections of future ex-
tremes between 1.5°C and 2°C worlds have grown in popularity [King and Karoly, 2017;
King et al., 2017; Perkins-Kirkpatrick and Gibson, 2017; Lewis and King, 2017; Sanderson
etal.,2017a].

For both event attribution and projections of extremes, climate model simulations are
widely used as they encapsulate our understanding of how human interference might affect
the climate system. Because models exhibit a range of biases [Ehert et al., 2012] including
their ability to reproduce the observed frequency distribution of extreme events and/or long-
term trends [Sippel et al., 2016; Angélil et al., 2016; Bellprat and Doblas-Reyes, 2016], the
accuracy of model-derived statements pertaining to extremes is not always clear. This has
been demonstrated in sensitivity studies where attribution results can change in their sign de-
pending on the model, observational dataset, or method used. For example the likelihood of
occurrence of specific rainfall extremes can either be found to be more likely (positive attri-
bution statement), less likely (negative statement), or hardly changed (neutral statement) as a
consequence of anthropogenic emissions depending on the approach taken [Angélil et al.,
2017b; Hauser et al., 2017]. For temperature extremes, the sign of the attribution state-
ment may not change, but the actual attribution statement in terms of the quantification of
how much anthropogenic climate change has altered the likelihood of the event, can vary
by an order of magnitude [Angélil et al., 2017b]. Furthermore, model-simulated extremes
may be systematically biased across various models compared to observations/reanalyses
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[Christensen et al., 2008; Wang et al., 2014; Angélil et al., 2016; Donat et al., 2017; Bellprat
and Doblas-Reyes, 2016], and therefore taking the median or mean of the metric of inter-

est across ensemble members can be unreliable [King and Karoly, 2017; King et al., 2017,
Perkins-Kirkpatrick and Gibson, 2017; Lewis and King, 2017]. Such biases are not neces-
sarily reduced after the poorest performing models have been removed from an ensemble,
indeed this process can reinforce model biases if metrics are not carefully chosen, since the
best performing models might have common biases due to shared model development history
(so-called model interdependence) [Herger et al., 2017].

One way to mitigate some of these issues is to constrain the regional changes in fre-
quency and intensity of hot temperature extremes by the shape of the model’s present-day
temperature distribution [Borodina et al., 2017]. Other studies have developed statistical bias
correction schemes, the vast majority focusing on correcting for distribution shapes when
they are not representative of the distribution shapes of observational data. Many of these
studies involve a procedure in which a ‘transfer function’ is derived by matching percentiles
between simulated and observed cumulative distribution functions (sometimes also referred
to as ‘quantile mapping’ or ‘histogram equalisation’) and have been expanded on and re-
fined in the last decade [Piani et al., 2010b; Li et al., 2010; Piani et al., 2010a; Hempel et al.,
2013; Sippel et al., 2016; Jeon et al., 2016]. The aim of such methods is to also improve
‘out-of-sample’ results (a term used throughout this paper to describe time periods which
have not been used to apply bias corrections and will be used to test their effectiveness).

A fundamental issue with most of these bias correction techniques is that they are of-
ten applied and tested on the same data ("in-sample’), but not in the period of their intended
application (for example, because no observational data exist in the later 21st century). There
is the risk that while the correction works perfectly in-sample (where observations are avail-
able), it may actually degrade predictability out-of-sample. This may be because not all rel-
evant model biases for the metric of interest were considered in the calibration. In statistics,
the equivalent might be that when we see success at interpolation, it by no means guarantees
success at extrapolation.

A solution is out-of-sample testing using long observational records or model-as-
truth experiments, which are common in some areas of climate science [Abramowitz and
Bishop, 2015; Sanderson et al., 2017b; Knutti et al., 2017; Herger et al., 2017] but appear
to be sparse in others such as in the extremes community where they are critically needed.
In this study we test one quantile-based bias correction method [Jeon et al., 2016] (here-
inafter referred to as ‘the Jeon method’). Their bias correction was applied to the standard
event attribution method, which utilises two model-simulated distributions of weather, each
forced under a different climate scenario: a counter-factual ‘natural’ world without indus-
trialisation (commonly termed ‘NAT’) and the ‘real world’ forced with all known natural
and anthropogenic boundary conditions (commonly termed ‘ALL’ or ‘RW”). Of the bias cor-
rection methods already mentioned [Piani et al., 2010b; Li et al., 2010; Piani et al., 2010a;
Hempel et al., 2013; Sippel et al., 2016], the Jeon method is the most simple. It adjusts the
event magnitude which is being attributed, by ensuring its percentile (relative to the simu-
lated distribution) equals the percentile of the observed event (relative to the observed dis-
tribution). For example if the simulated tail is longer than the observed tail (as is the case
in their study), the observed event magnitude is shifted further out into the tail until the two
percentiles (each relative to their own distributions) are equal. However, such a correction,
although perfect in-sample by definition, may not reduce biases out-of-sample which also
depends on the probability of extremes in a world with different forcings. We test for this
possibility below.

Apart from testing the out-of-sample skill of the Jeon method, we also detail a new
method to correct for biased model distribution shapes in multi-model ensembles. The tech-
nique selects the subset of climate simulations from a multi-model ensemble that reduces
distribution biases (when compared to a model-as-truth), following the flexible approach in-
troduced in Herger et al. [2017]. Here, a modelled distribution is obtained by pooling data
from a collection of climate models. Similarly to previous methods [Hempel et al., 2013;
Sippel et al., 2016], it corrects for the entire distribution shape, allowing it to be used for
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any distribution-based problem of interest, rather than just exceedance probabilities (which
the Jeon method is limited to). The two methods (Jeon and the subset selection approach
introduced here) can also be used in combination, providing a third bias correction option.
Using long model runs (1870-2100), we test and compare the effectiveness of these three
approaches for assessing the probability of extremes in a changing climate, relative to a base-
line where no correction is performed. We then compare the relative influence of tail bias on
attribution statements versus another relevant source of uncertainty—the bias of response to
changes in long-term radiative forcing. Finally we discuss what type of bias correction and
model evaluation strategies should be prioritised to determine whether models are fit for pur-
pose in assessing extremes in a changing climate.

2 Data

We use one Coupled Model Intercomparison Project Phase 5 (CMIPS) [Taylor et al.,
2012] simulation per modelling institute (21 simulations). The simulations cover the 1870—
2100 period (RCP8.5 after 2005) and can be found in Table S1 in the Supplementary In-
formation (SI). We split the 231 years into seven 33-year periods to explore out-of-sample
testing. The seven Time Periods (TPs) are hereinafter referred to as TP1 (1870-1902), TP2
(1903-1935), TP3 (1936-1968), TP4 (1969-2001), TP5 (2002-2034), TP6 (2035-2067),
and TP7 (2068-2100).

One model per institute is chosen from the CMIP5 archive in order to reduce model
interdependency. Reducing model interdependency is an important step before performing
model-as-truth experiments (see e.g., Abramowitz and Bishop [2015] and Sanderson et al.
[2017b]) as it helps avoid artificial skill improvements due to the ‘truth’ model being too
similar to the remaining model simulations (increasing the risk of over-fitting). Choosing one
model per institute removes multiple initial condition members of the same model as well as
similar, or similarly calibrated models. By doing this the average model-to-model distances
are expected to become more similar to the average model-to-observation distances [Herger
et al., 2017]. Indeed Figure S1a shows that for surface air temperature, the average KS test
statistic between these 21 simulations and the land-only gridded observational product CRU-
TS, v4.00 [Harris et al., 2014] is generally smaller than the mean model-model KS value.
Results for total precipitation (Figure S1b) are similar, with model-obs KS values varying
slightly more within the spread of model-model KS values across regions.

Distributions of monthly mean surface air temperature (tas) and total precipitation
(pr) are analysed over 58 WRAF2-v3.0 regions (see Figure 1). The regions are on average
2-10° km? in size. We apply the WRAF masks to the model data and calculate area-weighted
monthly spatial averages over each region, covering the 231-year period. Note, the analyses
could equally be performed on daily data, however this would reduce the model pool size.
This work also primarily serves as a proof of concept and we thus decided against higher
temporal resolution.

No observational products were used in this study, except for in Figure S1. Instead,
each model is removed from the ensemble and used as if it were observations, commonly
referred to as either model-as-truth experiment or perfect model setup (see section 3.1).
With this, we avoid the problem with long observational records having inconsistent qual-
ity through time as a consequence of varying station density [Macias-Fauria et al., 2014], yet
are still able to test the fidelity of the bias correction approaches.
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3 Methods

In this study we define extreme events as the 1-in-1-year and 1-in-5-year return value
based on monthly temperature and precipitation data. Even though extremes are often anal-
ysed on a daily time scale, the concept itself can be well demonstrated using 1-in-1-year and
1-in-5-year thresholds using monthly averages as done here. Furthermore, the sensitivity
of extremes metrics such as the Probability Ratio (PR; looked at in this study and discussed
later) to the temporal scales of the events (daily, 5-day, and monthly) have already been docu-
mented [Angélil et al., 2017a]. The 1-in-1-year return value is the 91.67 percentile for warm
and wet months, and the 8.33 percentile for cold months from the distribution of 33 years (12
x 33 = 396 points) in the middle time period (TP4). Note, that this is roughly (but not ex-
actly) the climatology of the locally warmest/coldest/wettest month in the year. The 1-in-5
year return value is the 98.33 percentile for warm and wet months, and the 1.67 percentile
for cold months. Given that results for 1-in-1-year events are ‘cleaner’ than those for 1-in-5-
year events (for the latter, exceedance probabilities of zero were frequent enough to render
results indistinguishable between some TPs) and since key findings are similar between both,
results for 1-in-5-year extremes are shown in the SI. Results for 1-in-1-year and 1-in-5-year
wet months are also only shown in the SI.

3.1 Models-as-truth experiment

Model-as-truth experiments as conducted in this study involve removing one of the en-
semble members and treating it as if it were observations, or ‘truth’. The remaining ensemble
is then calibrated (using either the Jeon method or the subset selection method introduced in
section 3.3) to try to better estimate the truth member, using data from the middle TP (TP4).
The calibrated ensemble can then be tested out-of-sample in the remaining six TPs against
the ‘truth” member. The ability of each technique to offer an improvement over the default
ensemble (the 20 remaining ensemble members) is then assessed. The process is repeated
with each of the 21 models playing the role as ‘truth’, and results aggregated to provide an
uncertainty estimate of the ability of each bias correction approach. Ensuring that model-
model distances are at least that of model-observation distances (as explained in Section 2
above) gives us some confidence that success in model-as-truth experiments should translate
to effective application of these techniques when adjusting climate projections.

3.2 Jeon method

As briefly mentioned in the introduction, the ‘Jeon method’ [Jeon et al., 2016] ac-
counts for the discrepancy between the probabilities of extreme weather events derived from
the ‘truth’ and the model dataset by mapping the ‘truth’ quantile to the modelled quantile.
We then calculate temperature and precipitation thresholds in the model-as-truth and remain-
ing 20 model datasets in TP4 (simply using the same percentile in the ‘truth’ and model dis-
tributions to define thresholds is the essence of the Jeon method), rotating through each of
the 21 models-as-truth and for each region separately.

For a real application, we usually start with an observed event which can be described
as a certain percentile of the observational record. Here, however, we start with a given per-
centile (e.g., 91.67 percentile for warm events or 8.33 percentile for cold events) and cal-
culate a model-derived threshold using that percentile. Exceedance Probabilities (EPs; for
warm or wet events) or Probabilities of Falling Below (PsFB; for cold events) are computed
relative to this threshold. When applying the Jeon method, the threshold is obtained from the
pooled model distribution rather than from the model-as-truth. For a graphical representation
of the Jeon method we refer to Figure 3 in their paper.

3.3 Ensemble-based subset-selection method

In Herger et al. [2017], an optimal subset of model runs is chosen to minimise the Root
Mean Squared Error (RMSE) of global temperature or precipitation fields between a ‘truth’
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(either observational product or model-as-truth) and an ensemble average for a given subset
size. Here, we tailor the method to extremes by finding the optimal subset of CMIP5 model
runs that when pooled (i.e. not averaging but rather concatenating all the data into one long
vector) minimises the two-sample Kolmogorov-Smirnov (KS; Stephens [1970]) test statistic
compared to a given ‘truth’ (model-as-truth in this studx). Different to the subset selection
in Herger et al. [2017], here we are pooling rather than averaging model runs and we are
minimising the KS test statistic for temperature and rainfall distributions over regions rather
than the global RMSE.

We also note that the meaning of ‘optimal’ is not general and can vary depending on
the specific application. When we refer to an optimal subset we are talking about the subset
that minimises the cost function for a specific variable, region, TP, model-as-truth, metric
and so on. A globally optimal subset does not exist and would not be very meaningful.

The KS test statistic is defined as the maximum vertical distance between the ‘true’
Empirical Survival Functions (ESF) and the ESF of the pooled model runs. The maximum
vertical distance is the same as the maximum vertical distance between two Empirical Cumu-
lative Distribution Functions (ECDFs; ECDF=1-ESF). Examples of ESFs are shown in Fig-
ure 3. Since there can be any number of members (between 1 and 20) in the optimal subset,
we use K to denote the number of pooled model runs found to minimise the KS test statistic.

We note that the Anderson Darling (AD; Anderson and Darling [1954]) test presents
an alternative metric that is more sensitive to the tails of distributions than the KS test [Heo
et al., 2013]. We attempted to select a subset to minimise the AD test statistic; however the
optimisation was not feasible due to computational constraints, given the more complex cost
function which had to be rewritten for the mathematical solver.

A workflow of the novel methodology is shown in Figure 2, illustrated for one partic-
ular region and one model-as-truth. The same procedure is then repeated for the remaining
WRAF regions and models-as-truth.

As noted above, the optimal subset is only calculated using TP4. Each implementation
of the optimisation approach finds an optimal subset for a given ensemble size K, so in ad-
dition to selecting an optimal subset, we need a mechanism to choose the ensemble size best
suited across different TPs. To do this, we use a cross-validation approach using the mid-
dle three 33-year TPs (TP3-TP5). We optimally select ensemble members for all ensemble
sizes using one of these TPs and test the skill of these optimal ensembles on the other two
periods. This process is repeated for all three TPs, and results averaged to find the best out-
of-sample cross-validated optimal subset size Kcy—see Figure 2. We refer to the period we
train on (that is, derive the optimal ensemble) as ‘in-sample’ and the periods we test on—
periods never seen by the subset-selection algorithm—as ‘out-of-sample’. The advantage of
this approach is of course that we have models-as-truth both in- and out-of-sample and we
can thus test the degree to which our bias correction methods degrade out-of-sample. We can
also go much further out-of-sample had we just relied on long observational records. We use
the term ‘optimal ensembles’ to denote the ensembles that are selected for a given ensemble
size. ‘Optimal subset’ is used for the overall best (lowest KS test statistic) subset across all
ensemble sizes.

Consider case 1 in Figure 2 (red rectangle), where we train on TP4 and test on TP3 and
TP5. For each ensemble size between 1 (single best simulation) and 20 (all runs pooled), we
find the subset of ensemble runs which when pooled minimise the KS test statistic in the in-
sample period (TP4) compared to the model-as-truth—see ECDF inset Figure 2a. This is a
non-trivial task as there are for example 184756 possible ensembles of size 10. Due to time-
constraint issues, a ‘brute-force’ approach is therefore simply not possible for each model-
as-truth, over each of the 58 regions, for three TPs, and two variables. Instead, we use the
state-of-the-art mathematical programming solver Gurobi [Gurobi, 2015] to minimise the
KS test statistic for a given ensemble size. Details, including a link to a simplified Python
script used to do this can be found in the SI. Note that Gurobi is only ever used to obtain the
optimal ensembles in the training periods. We end up with a curve similar to the schematic
in Figure 2a: the KS test statistic of the optimal ensemble as a function of ensemble size.
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(TP1-TP7). Only TP3-TP5 are used to obtain the cross-validated optimal subset size. (a) For a given model-
as-truth (could equally be observations in practice), we obtain the optimal ensembles in the training set (case
1) for subset sizes 1-20. Those ensembles are then tested out-of-sample (in TP3 and TP5), see (b). Perfor-
mance of the optimal ensembles are tested out-of-sample in a total of six test periods (grey lines in blue box
(c)). To account for noise generally at small ensemble sizes, these functions are smoothed using a running
mean of three ensemble sizes. To obtain the cross-validated optimal subset size (Kcy ), we average across

all six smoothed test cases (blue line in (c)). The subset size at the minimum of this function for a particular
region and model-as-truth is then used for the remainder of this study. A different size is obtained depending

on the chosen region and model-as-truth.

Note that the KS test statistic can vary between 0 and 1. Here, Ky, 4in,7p4 is the number of
simulations in the optimal subset for TP4.

Using only Ky,4in 7 P4 to go out-of-sample may be risky, as we do not know if the
members of this optimal subset are still optimal in the two testing periods when climate forc-
ing is different. It is possible that a different value of K would be best out-of-sample. The
next step in the process is therefore to use the in-sample ensembles for each K found in (a),
to calculate the KS test statistics in the two out-of-sample periods (see Figure 2b). Those KS
values will likely be higher than the in-sample values. For each TP that we test on out-of-
sample, we obtain a slightly different curve. Ideally we want the K with the minimum KS
value for those curves (Kesr,7p3 and Kyesr.7p5) to be close to the K with the minimum KS
value found in-sample (K;,4in,7p4), but this is not always the case. To avoid overfitting we
search for the optimal K across all three cases (termed ‘cross-validation’ (CV) in the litera-
ture).

We repeat the steps described above for cases 2 and 3, where the training and testing
periods are changed. The curves for the six out-of-sample tests are shown in Figure 2c. Grey
curves illustrate the smoothed functions using a moving window that averages the KS test
statistics across three ensemble sizes. The reason we smooth those curves is because the grey
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lines can be very noisy at small ensemble sizes. Failure to address this might lead to overfit-
ting in an ensemble subset size that is small.

Next, we average across the six grey curves to obtain the blue one. The cross-validated
ensemble size, Kcy—the size used for the remainder of the study (for a given region and
model-as-truth), is the subset size with the overall smallest KS test statistic across these six
out-of-sample tests. We refer to it as ‘cross-validated optimal subset size’. An example of in-
and out-of-sample KS values for WRAF region 38, the Southern European Economic Area
(EEA) and CSIRO-Mk3.6.0 r2ilpl as the truth, can be found in the SI (Figures S3 and S4).
This is an example where it is particularly important to execute the smoothing step. Without
it we would end up with a small subset size, where the curves are noisy. For this region, we
end up with a Kcy subset size larger than the in-sample optimal subset sizes. The optimal
ensemble in TP4 for K¢y then becomes the ‘CV optimal subset’. A larger ensemble size
means that we are relying on a wide range of climate models rather than betting on a small
subset of models to perform well out-of-sample. Note that TP3 and TP5 may now not be
considered as truly out-of-sample for testing the ability of our bias correction approaches,
since they are used to find the optimal cross-validated subset size K (this is why they are in
boldface in Figure 2).

The pooling of model runs from the CMIP5 archive for each 33-year period mitigates
the effect of internal variability (each run being in a different state of internal variability).
What remains is therefore primarily the forced response, being the main difference between
the TPs.

3.4 Calculation of extremes metrics

After correcting for shape bias, whether it be with the Jeon or sub-selection approach,
we calculate EPs (for warm and wet events), PsFB (for cold events), and PRs—the ratio of
two EPs or PsFB characterising the change in probability of the event between two periods of
different forcings, in TP1-TP3 and TP5-TP7.

The PR is typically used by the event attribution community between ALL and NAT
forced climates to characterise the anthropogenic contribution to the chance of an extreme,
but is unconventionally used in this study between two 33-year periods within the 1870-2100
period. This allows out-of-sample testing forward and backward in time and so includes a
broader range of forcing changes with which to test the bias correction techniques. The EPs,
PsFB, and PRs obtained from the reference distribution of all 20 models pooled when using
the truth to define the threshold (in TP4) are shown against EPs, PsFB, and PRs (again in
the distribution of all 20 models pooled) obtained when using the Jeon method to calculate
the threshold (light and dark green markers in Figures 5 and 6). The same procedure is also
applied to the CV optimal subset (yellow and orange markers in Figures 5 and 6). The skill
of both methods is gauged by comparing them to the ‘true’ EPs, PsFB, and PRs derived from
using each model as truth.

4 Results
4.1 Obtaining the cross-validated optimal subset

Cross-validated optimal subsets for each of the 58 WRAF regions are obtained as de-
scribed in Section 3.3. Here, we illustrate the ensemble-based subset-selection method in
TP4 using WRAF region 38, which is the Southern EEA. ESFs and normalised histograms
are shown in Figure 3. The ‘truth’ (CSIRO-Mk3.6.0, r2ilp1) is shown in black and the re-
maining 20 CMIPS5 simulations in grey. The model run closest to the ‘truth’ in terms of the
KS test statistic is shown in cyan. Note that the warm tails of most of the CMIP5 runs are
too short relative to the ‘truth’. This tail bias persists in other TPs (seen in Figure 5a and dis-
cussed later). The ESFs for precipitation are shown in Figure S2.

Simply pooling all 20 model runs will not solve this problem, as shown with the light
green line. This is where the subset-selection comes into play. The red line is the optimal
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subset in the in-sample period (here: TP4), with K= 7. The cross-validated optimal subset is
shown in yellow, with Kcy= 9. Both the red and yellow lines are closer to the observations
than the green line. Note, that any subset selection approach can only be successful if the
original ensemble spans the entire distribution of the ‘true’ conditions, as it does in this case.
The horizontal dashed lines show the 1-in-1-year warm and cold month events (91.67
and 8.33 percentiles respectively). The vertical lines refer to the corresponding thresholds
of the different distributions. The thresholds for the optimal subset and cross-validated opti-
mal subset are now positioned closer to the ‘true’ thresholds, which is not guaranteed in all
cases since we are optimising for the shape of the entire distribution, not specifically the tails.
Thresholds for the ‘20 runs pooled’ distribution (light green) and the ‘CV optimal subset’
(yellow) are later used for the Jeon method.
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Figure 3. Empirical survival function of monthly surface temperature in period TP4 over WRAF region

38 (Southern EEA) for CSIRO-Mk3.6.0 r2ilp1 as truth. The raw (no correction for mean bias) individual
CMIPS model distributions are shown in grey, and the truth in black, each distribution consisting of 396 (33
years X 12 months) points. The cyan curve is the single best performing run (in terms of the lowest KS-test
statistic compared to the model-as-truth). The green curve is the 20 CMIPS5 runs pooled. The red curve is

the optimal subset of CMIPS5 runs which results in the lowest KS-test statistic compared to the truth derived
within TP4 (happens to be K = 7), and the yellow curve is the optimal subset when K = 9, being the subset
size best suited across TP3—TP5 (tuned via cross-validation). Vertical lines show the 1-in-1 year cold (8.33th

percentile) and warm (91.67th percentile) thresholds derived from the various distributions.

Figure 4a confirms that the sub-selection is working in-sample (TP4) for all regions,
showing the in-sample KS test statistic values based on absolute surface temperature. The
marker colours are consistent with what was used in Figure 3. Region 38 is highlighted in
grey as this is the region used to illustrate results in (b) and subsequent panels. The smaller
the KS test statistic, the closer the corresponding distribution is to the ‘truth’. There are even
some regions where all the model distributions are significantly different (p < 0.05) from the
‘true’ distribution (black border around markers).

We observe that simply pooling all 20 available model runs (green marker) already
seems to bring the distribution closer to the ‘truth’. It is usually better than most individual
model runs. However, choosing ensemble members optimally can improve our pooled distri-
bution even further. As before, the red marker is the subset which is optimal in-sample (here:
TP4) and the yellow marker is the optimal subset in TP4 for size K chosen across TP3-TPS5.
Results for precipitation are similar (Figure S5a).
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The CV optimal subset size is usually larger than the in-sample subset size (not shown).
This tendency towards larger ensemble sizes is consistent with findings by Reifen and Toumi
[2009] who suggest that having a ‘portfolio’ of climate models is better than relying on a
small subset when making predictions as there is a risk associated with small ensemble sizes.

In Figure 4b, which shows results only for WRAF region 38, we test whether the sub-
set selection improves skill, measured as the KS test statistic, in the remaining six TPs. Here,
each model is used as the ‘truth’, so there are 21 points in each of the boxplots. By definition,
the bias correction improves skill in-sample (TP4) relative to the case where no correction is
performed (all runs pooled). We note that it also improves skill out-of-sample as far as TP1
and TP7 (biases in the shape tend to persist), although the skill gradually diminishes (yellow
and red boxplots form a V-shape) the further away in time (and forcing) we move from the
training period. Results in this format for the other 57 regions are similar (not shown here),
as well as for precipitation (Figure S5b). Given that skill of the optimal subset and CV opti-
mal subset are fairly similar, we only show results using the CV optimal subset in the remain-
der of the study.

4.2 Application of bias correction to extremes

Now that we have confirmed that the ensemble-based subset-selection successfully
improves the shape of the distribution in- and out-of-sample, we can focus our attention on
extreme events. We start with EPs and PsFB (section 4.2.1) for warm and cold events re-
spectively before we test its skill on PRs (section 4.2.2). For extremes, we are of course only
interested in the tails of the distribution even though we calibrated the whole distribution to
be similar to the ‘truth’. However, calibrating on the whole distribution still makes sense as
we are not fixing usage to a particular extreme and can thus explore a range of thresholds for
extremes in a consistent way. Moreover, we ensure that the mean climate (i.e., the bulk of
the distribution) is right, and avoid an unrealistically truncated distribution (by e.g. solely
optimising the tail of the distribution).

4.2.1 Probabilities of exceeding or falling below a threshold

Calibrating on the shape of the distribution in-sample does not guarantee that we sub-
sequently get better estimates of PsFB or EPs. This is an assumption of metric transitivity,
meaning that we expect an improvement in one metric—the shape of the distribution, to in-
crease skill of another metric—EPs or PsFB—as though they were dependent. If this were
not the case, testing the metric out-of-sample on anything other then what it was calibrated
on in-sample would likely give poor results. In this section we test if metric transitivity holds
for temperature extremes. Results for wet events can be found in the SI.

Panels 5a and b show the probabilities of exceeding the 91.67 percentile in TP4 (1-in-
1-year warm events; left column) or falling below the 8.33 percentile in TP4 (1-in-1-year
cold events; right column) over Southern EEA using CSIRO-Mk3.6.0 as the ‘truth’. Re-
sults for 1-in-5-year warm and cold month events are shown in Figure S6. We see that the
probability of warm events decreases towards earlier TPs and increases towards later TPs
(vise versa for cold events). We do not see such clear changes in EPs for precipitation (Fig-
ure S7a for 1-in-1-year events and Figure S8a for 1-in-5-year wet month events). For warm
events, the increase in EPs towards TP7 is significantly larger than the decrease in EPs to-
wards TP1, indicating the stronger change in forcing towards the end of the 21st century.
There are two additional markers compared to Figure 4. Dark-green markers refer to the
case when all 20 runs are pooled and the threshold was based on this pooled distribution in
TP4 (Jeon method) rather than the truth distribution. Orange markers refer to the CV opti-
mal subset with threshold derived from this subset itself in TP4 (again Jeon method) rather
than the truth. The closer the coloured markers are to the truth (black marker with horizontal
line) outside of TP4, the more skillful the given bias correction procedure. Both the Jeon and
subset selection methods appear to improve EPs and PsFB relative to when no correction is
performed (light green marker).
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Figure 4. (a) The in-sample KS (TP4) test statistics for all WRAF regions are shown based on CSIRO-

Mk3.6.0 r2ilp1 as truth. TP4 is used as our training period, and the KS-test statistics (compared to the

model-as-truth) of the individual and pooled runs are shown within the same period. We show results of

absolute surface temperature from the individual CMIP5 simulations (grey), the single best run (cyan), all 20

runs pooled (green), the optimal subset (red), and the cross-validated optimal subset (yellow). Markers have

a black border if the corresponding distribution is significantly different (p < 0.05) from the distribution of
the ‘truth’. WRAF region 38 (Southern EEA), is highlighted in grey. (b) Results for WRAF region 38 are

aggregated across all models-as-truth and for the seven time periods. In all cases, the subset is obtained in

TP4 and applied to the other time periods. Boxplots for the optimal subset (red), CV optimal subset (yellow)
and all 20 runs pooled (green) are shown. For the boxplots, the centerline is the median, the box spans the

25th—75th percentile range, and the whiskers span the 10th—90th percentile range.

Panels (c) and (d) show the absolute error between each of the coloured markers and
the ‘truth’, still over Southern EEA, using each model-as-truth, allowing us to present a range
of skill. By definition, the absolute error for the methods based on the Jeon method are zero
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in the in-sample period (TP4). Again, we observe that both methods improve EPs and PsFB
as far from the training period as TP1 and TP7. Both methods also improve skill in the EP
for precipitation events going back to TP1 and forwards to TP7 (Figures S7b and S8b). The
significant reduction in the size of the absolute error in panel (d) towards the end of the 21st
century is due to the reduction in the probabilities of cold extremes in a rapidly warming
climate.

Panels (e) and (f) show results averaged within the six continents: absolute errors for
each model-as-truth are averaged across all WRAF regions that fall within a given continent.
We summarise results by only showing results for TP1, TP4 (in-sample), and TP7 for a given
continent. As for the Southern EEA, the bias correction strategies generally improve skill
out-of-sample. The exception being the Jeon method in TP7 over South America and Africa
for warm events (panel (e)), where the absolute error of the dark green marker is higher than
for the light green marker. Applying the Jeon method on top of optimally selecting ensemble
members usually leads to marginal improvements in skill beyond only optimally selecting
ensembles members. Similar conclusions can be made for precipitation (Figures S7c¢ and
S8c) and 1-in-5-year temperature events (Figure S6c).

So, calibrating on the shape of the distribution leads to improved EPs and PsFB, even
when training and testing periods are several decades apart. These findings are consistent
with a study by Borodina et al. [2017], who found a strong correlation between the modelled
present-day temperature distribution and the projected frequency of warm extremes (defined
as future exceedance of today’s 95th percentile), which they then use to constrain changes
in the intensity of warm extremes in various regions. The reason the Jeon method and our
subset selection method are successful (relative to no bias correction) is because shape bias
tends to persist through time, as already mentioned, and EPs are strongly influenced by the
shapes of the tails which can be strikingly biased in many cases. Although EPs improve sub-
stantially with the bias correction methods, they are still imperfect, one reason likely being
another model bias which is discussed next.

4.2.2 Probability ratios

In the event attribution community, it is not the EP or PFB but rather the PR that is of
interest, being the ratio of two EPs or PsFB, typically between NAT and ALL forced simu-
lations. The NAT scenario would refer to the same TP but under a forcing scenario repre-
sentative of a world without anthropogenic influences. However, here the PR is calculated
by dividing the EP or PFB in each TP, by the EP or PFB in TP4 (PRx = EP(TPx)/EP(TP4)).
In Figure 6 (same as Figure 5 but for PRs) we test the effectiveness of the different bias cor-
rection strategies on the PR by comparing the ratio of two EPs (warm events; left column)
or PsFB (cold events; right column) in the bias corrected distributions against the ‘true’ PR.
Results for 1-in-5-year warm and cold month events are shown in Figure S9.

Panel (a), over Southern EEA using CSIRO-Mk3.6.0 as the ‘truth’, indicates that the
EP in TP1-TP3 is lower than in TP4 (PR < 1;10og2(PR)<0); and the EP in TP5-TP7 is
higher than in TP4 (log2(PR)>0), when defining the threshold in TP4. The bias correction
strategies appear to help as we move towards TP7: dark green, yellow, and orange markers
lie closer to the black marker than the light green marker does. However, the bias correction
methods do not appear to help going back to TP1, which can be considered most similar to
what would be done in event attribution. In panel (b), we see that cold events in TP1-TP3
are more common than in TP4 (Iog2(PR)>0) and cold events in TP5—-TP7 are much less
common than in TP4 (log2(PR)<O0). It appears (going back to TP1 or forwards to TP7) that
the bias correction strategies hardly help.

Panels (c) and (d) provide more complete results for Southern EEA, as they show the
spread when using each model-as-truth (each boxplot consisting of 21 points). Arrow-up
markers in (d) indicate PRs of infinity as cold events defined in TP4 never occur in TP7
where the forcing conditions are very different. Again, we see that it is only for warm events
going into the future that the Jeon and subset selection methods help, which is even more ap-
parent for 1-in-5-year warm events (Figure S9c). The reason for this is most likely because
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Figure 5. EPs for 1-in-1-year warm month thresholds are shown in the left column and PsFB for 1-in-1-
year cold month thresholds are shown in the right column. (a) EPs for CSIRO-Mk3.6.0 12ilp1 as truth and
WRATF region 38 (Southern EEA) are shown for TP1-TP7. The threshold is defined in TP4 and its EP is
plotted for the remaining time periods. EPs of the truth (black dot and line) are compared to the distribution
of all 20 runs pooled without (light green dot) and with applying the Jeon method (dark green); and the cross-
validated optimal subset without (yellow) and with applying the Jeon method (orange). (b) is the same as (a)
but for cold events. (c) For the same WRAF region 38, we aggregate absolute errors of EP across all models-
as-truth. The errors are obtained by calculating the absolute distances between the truth and the remaining
ensembles. For the boxplots, the centerline is the median, the box spans the 25th—75th percentile range, and
the whiskers span the 10th-90th percentile range. (d) is the same as (c) but for cold events. (e) aggregates the
results shown in (c) across six continents by averaging results within those continents. Absolute errors of EP
in TP1, TP4 and TP7 are shown. The lines span from the 10th to the 90th percentile and the dot indicates the

median. (f) is the same as (e) but for cold events.

warm events are very well-sampled as we move towards TP7; far more than cold events go-
ing towards TP7 or warm events going back to TP1 (both of which decrease in likelihood).
Even though cold events going back to TP1 increase in likelihood, the effect of the Jeon and
subset selection methods is not as strong as for warm events as we move to TP7; the reason
being that anthropogenic climate change is non-linear. Therefore, for warm events going for-
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wards, we are essentially no longer in the tails, but rapidly moving towards the centre of the
distribution, increasing the importance of the shape of the distribution, which we have opti-
mised for. Error in the PR becomes increasingly larger for warm events as we move back to
TP1 (similar to what is done in event attribution), or cold events as we move to TP7, since
the events become poorly sampled. Therefore, correcting for the shape of the distribution
does not appear to improve skill in the PR, allowing for the influence of another bias (long-
term regional temperature response to changing CO, concentrations) to begin to dominate
(discussed later).

Panels (e) and (f) reinforce that what we found for Southern EEA is valid over other re-
gions too: the bias correction methods mostly improve skill in the PR for warm events as we
move towards TP7. There also appears to be a noticeable improvement in the skill of the PR
for cold events going back to TP1. This finding is consistent with our reasoning discussed
in the previous paragraph: as for warm events going towards TP7, cold events going back to
TP1 become more frequently sampled, increasing the importance of the shape of the distri-
bution as opposed to just the poorly sampled tails. Arrow-up markers in panels (e) and (f)
indicate errors of infinity. The effectiveness of the bias correction approaches on the PR for
precipitation vary depending on the continent (Figure S10c for 1-in-1-year events and Figure
S1lc for 1-in-5-year events).

4.3 Toy model

To test if the PR is more sensitive to the trend or the shape of the distribution, we use
a toy model experiment, shown in Figure 7. Using Gaussian distributions, we calculate PRs
with different shapes of the distribution (figure columns: too narrow, correct, too wide) and
different trends (figure rows: underestimated, correct, overestimated). Red represents the
ALL world and blue the NAT world. To illustrate the idea, we use a 1-in-1-year warm month
(91.67 percentile; see black dashed line in centre panel) event threshold in panel (a), and a
1-in-1-year cold month (8.33 percentile) event threshold in panel (b) for the calculation of
the PR. Results for 1-in-5-year warm and cold month events are shown in the supplementary
information (Figure S13).

The standard deviation (o) and location (u) of these distributions are derived from the
same 21 CMIPS5 simulations as used for the previous figures, for WRAF region 38 (Southern
EEA). Standard deviations for each run are calculated based on monthly mean surface tem-
perature data in TP4 (January averages for cold events and July averages for warm events).
The regional temperature response to changing CO; concentrations (and thus location dif-
ference between the red and blue distributions) was derived by regressing the regional an-
nual average surface temperature against global annual CO, concentrations from 1870—
2001 (TP1-TP4). We then obtain estimates of ‘too narrow’/‘too wide’ and ‘underestimated
trend’/‘overestimated trend’ by using the 5th and 95th percentiles of distributions consisting
of 21 standard deviations or trends (one value per model simulation in each of the distribu-
tions). The 50th percentile was used as our target (middle panel in both panel (a) and (b)).
The difference in CO, between a natural world ( 280ppm) and a recently observed world in
2015 (400ppm) is 120ppm. We therefore multiply the slope of the regression by 120 to ap-
proximate the temperature change between the NAT and ALL distributions. Note that we
make the assumption that we only observe a shift in the mean and the distributions remain
Gaussian. Results for a low-latitude region (region 27; the Democratic Republic of Congo)
with lower internal variability are similar and are shown in the supplementary information
(Figure S12).

In addition to the traditional calculation of the PR, being the probability of exceeding
the event threshold in the ALL scenario divided by the probability of exceeding the event
threshold in the NAT scenario (first line of text within each panel in Figure 7), we obtain
PR estimates using the Jeon method (second line within each panel). The asterisk indicates
which of the two PR estimates is closer to the target PR (10%77 for the warm extreme and
107938 for the cold extreme). Correcting for tail bias, e.g. with the Jeon method, does not
always lead to an improved PR estimate.
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Figure 6. Probability ratios (PRs) for 1-in-1-year warm months are shown in the left column and for 1-in-
1-year cold months in the right column. The threshold is defined in TP4. (a) log2(PRs) for CSIRO-Mk3.6.0
r2ilp1 as truth and WRAF region 38 (Southern EEA) are shown for TP1-TP7. The PR in time period x is de-
fined as PRx = EP(TPx)/EP(TP4). PRs of the truth (black dot and line) are compared to the PRs of all 20 runs
pooled without (light green dot) and with applying the Jeon method (dark green); the cross-validated optimal
subset without (yellow) and with applying the Jeon method (orange). (b) is the same as (a) but for cold events.
(c) For the same WRAF region 38, we aggregate absolute errors of log2(PR) across all models-as-truth. The
errors are obtained by calculating the absolute distances between the truth and the remaining ensembles. For
the boxplots, the centerline is the median, the box spans the 25th—75th percentile range, and the whiskers span
the 10th-90th percentile range. (d) is the same as (c) but for cold events. (e) aggregates the results shown in
(c) across six continents by averaging results within those continents. Absolute errors of log2(PR) in TP1,
TP4 and TP7 are shown. The lines span from the 10th to the 90th percentile and the dot indicates the median.
The arrow-up markers indicate that at least four out of 21 values for a given time period and continent are

infinity. (f) is the same as (e) but for cold events.

As mentioned in Section 4.2.2, we hypothesise that the reason we hardly see an im-
provement in skill when calculating the PR for warm events is because the bias correction
strategies only consider biases in the shapes of the distributions, without consideration of
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other biases such as response bias; for example, how sensitive is the regional long-term tem-
perature to changes in global CO, concentrations?

In this toy model setup, the effect of response bias on the PR is roughly the same as
that of shape bias for cold events. But for warm events, the effect of response bias is at least
an order of magnitude larger than the effect of shape bias: given a correct trend, the PR
varies from 10%# for ‘too wide’ distributions to 10!-17 for ‘too narrow’ distributions (factor
of 6; 10117-94) However, given a correct standard deviation, the PR varies from 10%23 for
an ‘underestimated trend’ to 10> for an "overestimated trend’ (factor of 447). For 1-in-5-
year warm month extremes the PR changes by a factor of 11 when keeping the trend correct
and by a factor of 1820 for a correct distribution width. So, the importance of response bias
relative to shape bias increases the rarer the event.

When the standard deviation is underestimated, the sensitivity to the trend is further in-
creased, resulting in a difference of four orders of magnitude between ‘underestimated trend’
and ‘overestimated trend’. The toy model therefore suggests that narrower distributions exac-
erbate the influence of trend bias on the PR, and vice versa for overestimated standard devi-
ations. This is because the ratio of the anthropogenic warming signal to the noise of natural
variability increases or decreases as the width of the distribution decreases or increases re-
spectively [Angélil et al., 2017a].

5 Discussion and Conclusions

This study examines two bias correction approaches which account for biases in the
shape of distributions of surface air temperature and total precipitation. The Jeon method ar-
tificially adjusts the threshold in the model distribution to match the percentiles in the ‘true’
distribution. As an approach that optimises for the whole distribution shape, we introduce a
novel subset-selection method which optimally chooses ensemble members that when pooled
have a distribution most similar to observations or a target ‘truth’ simulation. Overall results
based on the Jeon method were found to be quite similar to the ensemble-based subset se-
lection approach. This is interesting as both methods are fundamentally quite different in
their underlying philosophy and technical implementation. Biases in the shape were found to
persist through time based on a series of model-as-truth experiments. A subset calibrated to
have a distribution shape similar to a model-as-truth in-sample was found to lead to improved
out-of-sample skill when calculating EPs or PsFB, even though those probabilities are only
sensitive to the tail of the distributions. This is because EPs and PsFB are strongly influenced
by shape bias.

However, when calculating the PR, which is by definition the ratio of two EPs or PsFB,
the bias correction methods were found to provide little to no identifiable improvement in
skill (except for PRs characterising the change in probability of warm extremes into the fu-
ture). When taking the fraction of two EPs or PsFB, biased tail shapes play less of a role
(one can consider the tail bias present in both the numerator and denominator to cancel) and
the relative importance of trend bias begins to dominate, as confirmed by the toy model ex-
periment. It is therefore theoretically possible for a PR to be fairly close to the ‘truth’ even
if their EPs or PsFB are not. This study explores an example where out-of-sample testing
is highly beneficial and metric transitivity cannot simply be assumed. While evaluating the
shapes of simulated distributions is clearly important, it is likely not the most important
source of uncertainty around PR-based attribution statements and many metrics pertaining
to extremes in a changing climate. Therefore, bias correction approaches that solely aim to
correct for shape bias are likely to lead to only minor if not any reductions in biases in PR
estimates, particularly for attribution statements pertaining to warm extremes. Note that the
bias in temperature response to long-term changes in radiative forcing becomes increasingly
important with increasing GHG forcing, while the shape bias is relatively static. The impor-
tance of a ‘correct’ distribution shape only decreases as more rare extremes are analysed, for
example for 1-in-5-year events (see Figure S9 and the toy model in Figure S13 in which PRs
are even more sensitive to the trend than the shape when compared to 1-in-1-year events).
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Since evaluating response bias to long-term changes in radiative forcing using multi-
ple observational products is not common practice in the event attribution community, we
suggest that the long term response to forcing be evaluated and should be part of the optimi-
sation process if this characteristic of the raw model output is deemed unfit for purpose (in
addition to distribution properties). The difficulty here however is that the nature of the long-
term temperature response in-sample does not seem to persist out-of-sample (see e.g. Figure
4.in Herger et al. [2017]). Note that calibrating on the PR itself will not necessarily help as
the correct PR value could be obtained due to compensating errors (e.g., an appropriate com-
bination of an overly narrow distribution and an underestimated trend). The toy model results
could feed into the debate whether simulated trends should be preserved as they are (as e.g.
in Hempel et al. [2013]) or bias corrected using observations [Maraun, 2016].

Future studies could test the sensitivity of results to different temporal resolutions and
return periods of events. We additionally encourage the use of out-of-sample testing using
long observational records and/or model-as-truth experiments to test bias correction ap-
proaches. It is critical that we identify whether there is in fact a gain in our ability to make
out-of-sample predictions (i.e. does the nature of the bias being corrected persist or does
it break down in the projection period? Will the bias correction performed reduce bias in
the metric we are interested in, only partly, or not at all?). As we have seen here, this is not
guaranteed (also see Reichler and Kim [2008]; Reifen and Toumi [2009]). Fundamentally,
bias correction is a statistical calibration exercise that will work in-sample by definition. As-
sessing whether or not it works out-of-sample is a critical step for evaluating the nature of
extremes in a changing climate.
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Figure 7. (a) Toy model experiments to demonstrate the relative importance of biases in the shape of the
distribution and biases in the trend when calculating the PR. Location (u) and shape (o) for the Gaussian
distributions were derived from 21 CMIPS5 simulations for WRAF region 38 (Southern EEA). The red distri-
butions represent the ALL forcing world and the blue distributions represent the NAT world. The 1-in-1-year
warm month (91.67 percentile) of the ALL distribution in the middle panel was used as a threshold for cal-
culating the PR. When applying the Jeon method (relevant only when distribution shapes are too narrow or
too wide), the threshold is defined from each ‘too narrow’ or ‘too wide’ ALL distribution. The asterisk in-
dicates which of the two PR estimates is closer to the target PR (middle panel). (b) same as panel (a) but for

1-in-1-year cold month events (8.33 percentile). -19-
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