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ABSTRACT

In agreement with observations, Earth system models participating in phase 5 of the Coupled Model

Intercomparison Project (CMIP5) simulate a decline in September Arctic sea ice extent (SIE) over the past

decades. However, the spread in their twenty-first-century SIE projections is large and the timing of the first

ice-free Arctic summer ranges from 2020 to beyond 2100. The uncertainties arise from three sources (internal

variability, model uncertainty, and scenario uncertainty), which are quantified in this study for projections of

SIE. The goal is to narrow uncertainties by applying multiple diagnostic ensemble regression (MDER).

MDER links future projections of sea ice extent to processes relevant to its simulation under present-day

conditions using data covering the past 40 years. With this method, we can reduce model uncertainty in

projections of SIE for the period 2020–44 by 30%–50% (0.8–1.3 million km2). Compared to the unweighted

multimodel mean, the MDER-weighted mean projects an about 20% smaller SIE and an earlier near-

disappearance of Arctic sea ice by more than a decade for a high–greenhouse gas scenario. We also show that

two different methods estimating internal variability in SIE differ by 1 million km2. Regardless, the total

uncertainties in the SIE projections remain large (up to 3.5 million km2, with irreducible internal variability

contributing 30%) so that a precise time estimate of an ice-free Arctic proves impossible. We conclude that

unweighted CMIP5 multimodel-mean projections of Arctic SIE are too optimistic and mitigation strategies

to reduce Arctic warming need to be intensified.

1. Introduction

Observations show that the ongoing warming of Earth

caused the September Arctic sea ice extent (SIE) to

shrink by almost 50% since the 1970s (Stroeve et al.

2012a). But not only has the ice area decreased, the

sea ice has also become thinner and younger (i.e., the

amount of multiyear ice has decreased rapidly; Fowler

et al. 2004; Maslanik et al. 2011); about 70% of the

winter sea ice is now seasonal ice (i.e., first-year ice)

(Kwok 2018). Thinner ice melts out more easily in sum-

mer, opening more ice-free areas and thus accelerating

theArctic warming (Holland and Bitz 2003; Stroeve et al.

2012a). Earth system models (ESMs) participating in

phase 5 of the Coupled Model Intercomparison Project

(CMIP5; Taylor et al. 2012) simulate a further decrease

in sea ice throughout the twenty-first century in all fu-

ture scenarios that keep atmospheric greenhouse gas

concentrations at current or higher levels. In the RCP8.5

scenario, where atmospheric CO2 concentrations more

than double by the end of the twenty-first century com-

pared to 2000 (Riahi et al. 2011), almost all models project

the Arctic to become ice-free in summer before 2100.

The year of near-disappearance of summer Arctic sea

ice (YOD) is defined as the first year of a series of five

consecutive years in which the minimum SIE drops be-

low 1 million km2 (Wang and Overland 2009). The large
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spread in the projections stems from internal variability,

different model structures (model uncertainty) and the

uncertainty in future greenhouse gas scenarios (Kay

et al. 2011; Stroeve et al. 2012b; Liu et al. 2013; Swart

et al. 2015). Different methods have been applied to re-

duce uncertainties in sea ice projections, like large ensem-

ble simulations, model selection, weighting, or constraining

projections with observations (e.g., Massonnet et al. 2012;

Liu et al. 2013; Melia et al. 2015; Jahn et al. 2016; Knutti

et al. 2017; Screen and Williamson 2017; Sigmond et al.

2018). Recent studies highlight the positive effects on

Arctic sea ice of restricting the global warming to 1.58C
(Screen and Williamson 2017; Jahn 2018; Screen 2018;

Sigmond et al. 2018). For example, Jahn (2018) and

Sigmond et al. (2018) agree that the probability of an

ice-free Arctic summer under 1.58C stabilized warm-

ing is around 2%, as opposed to 20%–35% at 2.08C
warming.

Following, for example, Melia et al. (2015), Lique

et al. (2016), and Hodson et al. (2012), we use the

method of Hawkins and Sutton (2009, 2011) to separate

total multimodel projection uncertainty into its three

components: internal variability, model uncertainty, and

scenario uncertainty. The goal of this study is to reduce

model uncertainty in projections of Arctic SIE and to

give a more precise estimate of YOD. For this we use a

set of 29 ESMs from 17 different institutes participating

in CMIP5. Additionally, we compare the internal vari-

ability component from the Hawkins and Sutton (2009)

method to an estimate that is based on the spread

among a single-model large ensemble, similar to Jahn

et al. (2016).

To narrow model uncertainty, we use the multiple

diagnostic ensemble regression (MDER) method de-

veloped by Karpechko et al. (2013). This method uses

statistical relationships between the projected fu-

ture target variable (here September Arctic SIE) and

historical model performance in terms of different

process-oriented diagnostics. The results obtained

are cross-validated to test for spurious relationships

using a pseudoreality approach. MDER has proven its

potential to reduce CMIP5 multimodel projection un-

certainties in two previous studies: the spread in the

projected return dates of Antarctic total column ozone

could be reduced by over a decade (Karpechko et al.

2013) and the near-future position of the summer austral

jet stream could be bias-corrected by 1.58 southward

compared to the unweighted multimodel mean (Wenzel

et al. 2016).

This paper is structured in the following way: section 2

describes theMDERmethod and how the three types of

uncertainty can be quantified. Additionally, the diag-

nostics used in this study are introduced and the model

simulations and observations are described. In section 3,

we applyMDER to constrain SIE projections and narrow

model uncertainty. We also give our estimate of YOD

for a scenario with a high greenhouse gas concentration.

Section 4 closes with a summary and discussion.

2. Methods

a. Multiple Diagnostic Ensemble Regression

MDERwas developed byKarpechko et al. (2013) and

implemented into the Earth System Model Evaluation

Tool, version 1.0 (ESMValTool; Eyring et al. 2016), by

Wenzel et al. (2016). The ESMValTool is a community-

developed open source software package aiming to

facilitate the complex evaluation of ESMs. For this

study, the ESMValTool was extended by additional di-

agnostics related to sea ice and MDER was adapted for

applications to Arctic sea ice.

MDER is based on the correlation between selected

process-orienteddiagnostics applied tohistorical or present-

day periods for which observations are available, and a

future target variable. An iterative step-wise regression

algorithm based on von Storch andZwiers (1999) takes a

set of preselected diagnostics as an input and selects a

subset of these diagnostics to build a regression model

that best predicts the future variable. The algorithm it-

eratively adds and removes diagnostics to and from the

regression model until the regression sum of squares

does not increase significantly, based on an F test with

a significance level p 5 0.1. The final regression model

is then the linear combination of the selected process-

oriented diagnostics that best predicts the future variable

and is of the form

y5b
0
1XTb , (1)

where y is the estimated climate response (SIE), b0 and

b are the multiple regression parameters with b being a

column vector of the size of the number of the selected

diagnostics, and X is the matrix of diagnostic values of

the selected diagnostics. Using observational data for the

selected diagnostics with the regression model yields a

multidiagnostic constraint. MDER then calculates model

weights based on this constraint by extending the formula

derived by Bracegirdle and Stephenson (2012) for a case

with a single diagnostic to multiple diagnostics:

W5 [NT 1 (XT
0 2X

T
)(XTX2XT1X

T
)21

3 (XT 2XT1NT)]
T
, (2)

where N [ (1T1)211 is a vector of a size equal to the

number of models n and the value of all elements equal

to n21, X0 is the vector of observed diagnostics, and
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X[ (NTX)
T
is the vector of the multimodel-mean di-

agnostics. The weights are used to calculate a weighted

multimodelmean from theCMIP5model ensemble with

the aim of reducingmodel uncertainty in themultimodel

projection.

The diagnostic selection is one of the key strengths of

MDER: compared to simply taking all subjective diag-

nostics (e.g., Snape and Forster 2014; Knutti et al. 2017;

Sanderson et al. 2017), the step-wise regression algo-

rithm reduces redundancy in selected diagnostics, which

is the danger of including multiple diagnostics that ef-

fectively describe the same process. Another potential

danger in using all diagnostics instead of only theMDER-

selected diagnostics lies in overfitting caused by spurious

relationships between historical diagnostics and the fu-

ture variable (Bracegirdle and Stephenson 2012). To test

for spurious relationships, the MDER results are cross-

validated in a pseudoreality approach: since observations

of future variables are naturally unavailable, we select

one model at a time as reference (5 pseudoreality) and

benchmark the other models against this reference

model by calculating the root-mean-square error (RMSE)

as a measure of prediction uncertainty. Since there is

no preferred reference model, each model is taken as

pseudoreality once all of the remaining models are

tested against it. The difference in RMSE between the

unweightedmultimodel mean (uMMM) and theMDER

results reveals the potential of MDER to reduce un-

certainty in the SIE projections and is a measure of the

uncertainty of the MDER result.

MDER is based on the following assumptions that are

similar to other regression-based approaches (Bracegirdle

and Stephenson 2012):

d There is a linear relationship between the present-day

mean state and trends and future change, which is

similar in climate models and observations.
d The residuals from the regression fit are indepen-

dently distributed.
d Climate model results and observations are inter-

changeable.
d The effects due to measurement errors are as-

sumed to be negligible compared to other sources of

uncertainty.

For further details on the MDER method, see

Karpechko et al. (2013) and Wenzel et al. (2016).

The target variable in this study is the 2020–44

September-mean Arctic sea ice extent. SIE is derived

from the gridded variable sea ice concentration (SIC,

also known as ‘‘sea ice area fraction’’), which de-

scribes the area fraction of each ocean surface grid cell

that is covered with sea ice. Sea ice extent is defined as

the total area of all grid cells in which SIC$ 15%. Here,

we define SIE as the September sea ice extent in the

Arctic (608–908N). The annual minimum Arctic sea

ice extent typically occurs in September and thus

September mean sea ice quantities are commonly used

in literature, for example in analyses of the timing of an

ice-free Arctic (e.g., Massonnet et al. 2012; Jahn et al.

2016; Screen 2018; Sigmond et al. 2018).

b. Diagnostics

The set of process-oriented diagnostics preselected by

the authors as input for the MDER method is listed in

Table 1 and is based on published literature on processes

that are known to influence sea ice concentration. The

selection is not meant to be an exclusive list, but con-

siders many of the variables that previous work suggests

are important for sea ice evolution. All diagnostics are

applied to (present-day) data for the same time period

(1979–2012); see also section 2d.

The diagnostics are based on five variables. These

include two different sea ice variables, historical SIE and

sea ice thickness (SIT), which affect sea ice processes

and projections (e.g., Laxon et al. 2003; Massonnet et al.

2018). To account for freezing and melting processes,

two temperature variables are included to represent

the thermal influence on the ice from above and below

(e.g., Zhang et al. 2000; Weeks 2010): near-surface air

temperature (TAS) and sea surface temperature (SST).

Atmospheric surface pressure (PSL) is used as a proxy

for the influence on ice drift due to atmospheric winds

near the surface (e.g., Thorndike and Colony 1982; Spreen

et al. 2011). For each of these variables, three different

metrics are calculated over the whole historical time

period (1979–2012): the climatological mean (indicated

by _c), the trend (_t), and the interannual (‘‘year-to-

year’’) variability (_i). The calculated diagnostic results

from each model and observation/reanalysis are shown

in the supplemental information (see Figs. S1–S5 in the

online supplemental material).

c. Uncertainty estimation

In addition to the MDERmethod, we use the method

of Hawkins and Sutton (2009, 2011) to quantify different

sources of uncertainty in the CMIP5 multimodel pro-

jections for the twenty-first-century SIE (2006–2100):

internal variability, model uncertainty, and scenario

uncertainty. Numerous studies have applied this method

to Arctic variables such as CMIP3 summer Arctic sea ice

extent (Lique et al. 2016), CMIP3 Arctic temperature

and precipitation (Hodson et al. 2012), and CMIP5

SeptemberArctic sea ice thickness (Melia et al. 2015). In

the following, we describe the sources of uncertainty and

how they can be isolated, following Hawkins and Sutton

(2009, 2011). It is important to note that no ensemble
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averages are taken in the calculation of the uncertainty

estimates (as opposed to the diagnostic calculations; see

section 2d for details).

1) INTERNAL VARIABILITY

To quantify the contribution of internal variability

to the overall uncertainty of the model ensemble, each

SIE projection from all models is individually fit with

a fourth-order polynomial over the time period 2006–

2100, using the least squares method and creating a

smooth fit. We can write the predictions X from each

model m, for scenario s and year t, as

X
m,s,t

5 x
m,s,t

1 i
m
1 «

m,s,t
, (3)

where i is the reference value (year 2000 SIE), x the

smooth fit, and « the residual. The internal variability

componentV is computed from the multimodel mean of

the variances of the residuals:

V5

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

N
m

�
m

s
s,t
(«

m,s,t
)

s
, (4)

where ss,t is the variance across all scenarios and across

time and Nm is the number of models. Note that here,

because the variance is computed over all time values,

V is constant in time by design. This is a limitation of

this method, especially since interannual variability

has been shown to increase as the ice thins. The internal

variability obtained with this method is compared in

section 3b to a more recent method by Jahn et al. (2016),

who used a large ensemble of a single ESM to estimate

internal variability.

2) MODEL UNCERTAINTY

Model uncertainty is estimated from the variance in

the fits xm,s,t of each scenario. The multiscenario mean

model uncertainty M(t) is calculated as follows:

M(t)5

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

N
s

�
s

s
m
(x

m,s,t
)

s
, (5)

where Ns is the number of scenarios.

3) SCENARIO UNCERTAINTY

The CMIP5 projections are divided into sets of

scenarios of which each assumes a different amount

of external forcing due to the emission of climate-

relevant substances. More specifically, the scenarios

represent four different representative concentration

TABLE 1. Overview of the 15 diagnostics used in this study, including the reanalyses or observations used to constrain the models and

their respective references. All diagnostics were calculated over the years 1979–2012. ‘‘Summer’’ is the average of June–August.

Acronym Diagnostic Reanalysis or observation Reanalysis or observational value

SIE_c Climatological mean September Arctic

sea ice extent

NSIDC-NT (Cavalieri et al. 1996;

Walsh et al. 2015)

(6.14 6 0.16) 3 106m2

SIE_t September Arctic sea ice extent trend (20.65 6 0.01) 3 106m2 decade21

SIE_i Interannual variability of September

Arctic sea ice extent

0.95 3 106m2

SIT_c Climatological mean September Arctic

sea ice thickness

PIOMAS (Zhang and Rothrock 2003) 1.10 6 0.05m

SIT_t September Arctic sea ice thickness trend 20.254 6 0.002m decade21

SIT_i Interannual variability of September

Arctic sea ice thickness

0.28m

TAS_c Climatological mean summer Arctic

surface air temperature

ERA-Interim (Dee et al. 2011) 274.9 6 0.07K

TAS_t Summer Arctic surface air

temperature trend

0.26 6 0.01K decade21

TAS_i Interannual variability of summer Arctic

surface air temperature

0.40K

SST_c Climatological mean summer Arctic sea

surface temperature

HadISST (Rayner et al. 2003) 273.79 6 0.04K

SST_t Summer Arctic sea surface

temperature trend

0.183 6 0.003K

SST_i Interannual variability of summer Arctic

sea surface temperature

0.25K

PSL_c Climatological mean September Arctic

surface pressure

ERA-Interim (Dee et al. 2011) 1011.20 6 0.45 hPa

PSL_t September Arctic surface pressure trend 20.89 6 0.04 hPa decade21

PSL_i Interannual variability of September

Arctic surface pressure

2.66 hPa
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pathways (RCPs; van Vuuren et al. 2011) that as-

sume a different radiative forcing (Wm22) by the

end of 2100: RCP2.6, RCP4.5, RCP6.0, and RCP8.5.

The scenario uncertainty is calculated from the

variance of the multimodel means over the RCP

scenarios:

S(t)5

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

N
m

s
s

�
�
m

x
m,s,t

�s
. (6)

For the estimate of scenario uncertainty, we only

consider the scenarios RCP4.5 and RCP8.5, because

the variable SIC is not available from all 29 models

for RCP2.6 and 6.0, which were considered optional

in CMIP5. This means that this study considers a me-

dium and a high (‘‘business-as-usual’’) RCP scenario for

the uncertainty estimates. However, we repeated

the analysis with the 19 models for which output for

RCP2.6 was available. The results of this additional

analysis are described in section 3b.

d. Models, observations, and reanalyses

For this study, an ensemble of 29 CMIP5 models from

17 different institutes or modeling centers (Table 2) is

used.We could not use all (;40) CMIP5models because

not all models provided the required output for all five

variables and the two scenarios used in this study. Even

though not all CMIP5 models are strictly speaking

Earth system models, we will refer to them as such for

simplicity.

The historical time period used with the diagnostics

(1979–2012) is determined by two constraints. The ear-

liest start is the year 1979 because reliable observations

or reanalyses of the required variables are not available

for earlier times. The final year is a compromise between

extending the CMIP5 historical model experiments ending

TABLE 2. The 29 CMIP5 models that are used in this study. All available ensemble members (EM) were used for each model, and an

ensemble mean was calculated for each model prior toMDER calculations. The numbering is in accordance with Fig. 2 and starts from 02

for technical reasons.

No. Model Institute EM Reference

02 BCC-CSM1.1 Beijing Climate Center (BCC) 1 Wu et al. (2014)

03 BCC-CSM1.1(m) 1

04 CanESM2 Canadian Centre for Climate Modeling and Analysis (CCCma) 5 Arora et al. (2011)

05 CCSM4 National Center for Atmospheric Research (NCAR) 5 Gent et al. (2011)

06 CESM1-CAM5 3

07 CMCC-CM Centro Euro-Metiterraneo per I Cambiamenti Climatici 1 Vichi et al. (2011)

08 CMCC-CMS 1

09 CNRM-CM5 Centre National de Recherches Météorologiques–Centre Européen
de Recherche et de Formation Avancée en Calcul Scientifique

(CNRM-CERFACS)

1 Voldoire et al. (2012)

10 CSIRO-Mk3.6.0 Commonwealth Scientific and Industrial Research Organization/

Queensland Climate Change Centre of Excellence

(CSIRO-QCCCE)

10 Rotstayn et al. (2012)

11 EC-EARTH European EC-Earth consortium 2 Hazeleger et al. (2010)

12 FGOALS-g2 LASG, Institute of Atmospheric Physics, Chinese Academy of

Sciences and CESS

1 Li et al. (2013)

13 GFDL CM3 National Oceanic and Atmospheric Administration – Geophysical

Fluid Dynamics Laboratory (NOAA-GFDL)

3 Donner et al. (2011)

14 GFDL-ESM2G 1 Dunne et al. (2013)

15 GFDL-ESM2M 1

16 GISS-E2-R NASA Goddard Institute for Space Studies 2 Schmidt et al. (2014)

17 HadGEM2-AO Met Office Hadley Centre 1 Martin et al. (2011)

18 HadGEM2-CC 1

19 HadGEM2-ES 3

20 INM-CM4 Russian Institute for Numerical Mathematics 1 Volodin et al. (2010)

21 IPSL-CM5A-LR Institute Pierre-Simon Laplace (ISPL) 4 Dufresne et al. (2013)

22 IPSL-CM5A-MR 1

23 IPSL-CM5B-LR 1

24 MIROC5 JapanAgency forMarine-Earth Science andTechnology,Atmosphere

and Ocean Research Institute, and National Institute for

Environmental Studies

3 Watanabe et al. (2011)

25 MIROC-ESM 1

26 MIROC-ESM-CHEM 1

27 MPI-ESM-LR Max Planck Institute for Meteorology (MPI-M) 3 Giorgetta et al. (2013)

28 MPI-ESM-MR 3

29 MRI-CGCM3 Meteorological Research Institute (MRI) 1 Yukimoto et al. (2012)

30 NorESM1-M Norwegian Climate Centre (NorClim) 1 Iversen et al. (2013)
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in 2005 as long as possible while keeping the impact of

the RCP scenario chosen to extend the historical ex-

periments to a minimum. Here, we extended the time

period of the historical simulations up to the year 2012

using results from the corresponding RCP4.5 simu-

lations. We did not use RCP8.5 results for extension

of the historical runs since these were not available

from all models and for all variables used. To mini-

mize the influence of the actual scenario used for

extension, the simulations were only extended until

2012 where differences between RCP4.5 and RCP8.5

are still small.

Our target period for future SIE is 2020–44. This 25-yr

period is selected to 1) start sufficiently far from the end

date of the historical experiments to increase the signal

in SIE decline and 2) end before SIE from any model

approaches zero, since correlations between historical

diagnostics and future SIEmaybecome spurious otherwise.

Although we consider this target period as the most

suitable period for the purpose of this study, we also

tested the sensitivity of the results to the selected pe-

riod. We found that using a longer period (2016–64)

than the 25-yr period 2020–44 gives similar results,

suggesting that our conclusions are not very sensitive to

the exact target period. The target SIE projections used

with the MDER regression algorithm are from RCP8.5

simulations.

For each model experiment, some models run differ-

ent realizations (ensemble members) with slightly dif-

ferent initial conditions to sample internal variability.

We selected only those ensemble members from each

model that provide simultaneously all scenarios and

variables that are used in this study. To account for the

different ensemble sizes in the diagnostic calculations,

we calculated for each model an ensemble average of

the diagnostic values, which is then used in the further

analyses. Thus, the multimodel metrics are not biased

toward models with many ensemble members (see also

Massonnet et al. 2012). Note that the ensemble average

is taken after the diagnostic calculations of the 1979–

2012 climatological mean, trends, and interannual vari-

ability (section 2b) since calculating the diagnostics on

ensemble means would give incorrect estimates of,

especially, interannual variability.

The observations and reanalyses for each diagnostic

are listed in Table 1 and are provided as monthly means.

In the following, we briefly describe the five datasets

used in this study.

d Weuse satellite observations of SIC from theNational

Snow and Ice Data Center (NSIDC;Walsh et al. 2015).

The product is available from 1978 to present and was

processed with the NASA-Team retrieval algorithm

(NT; Cavalieri et al. 1996) from data of Nimbus-7

SMMR and DMSP SSM/I and SSMIS passive micro-

wave sensors. The spatial resolution is 25 km3 25 km.
d Sea ice thickness reanalyses are taken from the

Pan-Arctic Ice Ocean Modeling and Assimilation

System (PIOMAS; Zhang and Rothrock 2003), a cou-

pled ice–ocean model forced with National Centers for

Environmental Prediction (NCEP) reanalyses and

assimilating observations of sea ice concentration

and sea surface temperature. Satellite observations

of SIT are spatially and temporarily limited (e.g.,

Kwok et al. 2009; Tilling et al. 2015). Since we need

complete temporal and Arctic-wide coverage in this

study, we use the PIOMAS reanalyses. PIOMAS was

compared to SIT satellite observations and found to be a

good estimate of the observed SIT in numerous studies

(e.g., Lindsay and Zhang 2006; Schweiger et al. 2011;

Laxon et al. 2013; Stroeve et al. 2014). PIOMAS re-

analyses are commonly used in studies analyzing sea

ice thickness (e.g., Melia et al. 2015; Dirkson et al.

2017; Labe et al. 2018).
d TheHadleyCentre Sea Ice and Sea SurfaceTemperature

dataset (HadISST; Rayner et al. 2003) provides SST

data. It is a global reanalysis product combining data

from the Met Office Marine Data Bank (MDB), the

Global Telecommunications System (GTS), and the

Comprehensive Ocean–Atmosphere Dataset (COADS)

and has a spatial resolution of 18 3 18.
d For TAS and PSL, we use the European Centre for

Medium-Range Weather Forecasts interim reanalysis

(ERA-Interim; Dee et al. 2011) data. The data assim-

ilation system used is based on the Integrated Forecast

System, cycle 31r2 (IFS-Cy31r2), and is available from

1979 with monthly updates and an approximate hori-

zontal resolution of 80km.

3. Application of MDER to Arctic sea ice
projections

MDER calculates a regression model from the histor-

ical diagnostics that best predicts future SIE (section 3a).

The model weights obtained with this regression model

are then applied to twenty-first-century SIE projections

to narrow model uncertainty (section 3b) and improve

the predictions of YOD (section 3c).

a. Diagnostic selection and regression model

Figure 1 shows the absolute correlation coefficients of

all CMIP5 historical diagnostics (1979–2012; see Table 1)

with future SIE (2020–44). The climatological mean

September Arctic sea ice extent (SIE_c) is the diagnostic

with by far the highest correlation coefficient (r 5 0.91)
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and smallest uncertainty range. This means that biases in

the historical mean sea ice extent dominate the projec-

tions of near-term future sea ice extent: models that

simulate a small (large) SIE in the past simulate a small

(large) SIE in the near future. Nine out of the 15 diag-

nostics show a statistically significant correlation with

future SIE. After SIE_c, the climatological mean sea ice

thickness (SIT_c) shows the largest correlation to future

SIE with r 5 0.69. Thinner ice breaks up and melts out

more easily in summer (e.g., Bitz and Roe 2004; Kwok

2018; Petty et al. 2018) and thus results in a smaller fu-

ture summer ice extent, but this relationship has a sig-

nificantly larger uncertainty than SIE_c.

The other diagnostics with statistically significant cor-

relations with future SIE include historical ice trends

and interannual variability, historical SST trends and

variability, and climatological air temperature. This

means that projections of SIE are in particular influ-

enced by biases in past sea ice conditions and Arctic

surface temperatures, but not so much by biases in

Arctic wind patterns as estimated by the proxy surface

pressure. The values for each diagnostic from models

and observations are given in Figs. S1–S5, and the

scatterplots in Figs. S6 and S7 show the correlations

between all diagnostics and future SIE.

The linear combination of multiple diagnostics (par-

simonious regression model) that best predicts future

SIE is calculated from the pool of diagnostics listed in

Table 1 by the iterative stepwise regression algorithm.

MDERselected two diagnostics for the regressionmodel,

namely SIE_c and TAS_t, with the resulting regression

model equation 22.99 1 1.16 3 SIE_c 2 2.97 3 TAS_t

(see Fig. 2). This means that future SIE is constrained

by a linear combination of a bias correction in the his-

torical simulations of SIE and the trend in Arctic surface

FIG. 1. Absolute correlation coefficients between the diagnostics

(see Table 1) calculated from historical simulations (1979–2012)

and the future SIE (2020–44) from simulations under the RCP8.5

scenario. The correlation coefficients have been calculated for the

29 CMIP5 models given in Table 2. Positive coefficients are shown

in red and negative coefficients are shown in blue; error bars in-

dicate the 95% confidence intervals around the correlation coef-

ficients. Correlations with confidence intervals that include zero

are not statistically significant.

FIG. 2. Scatterplot showing the relationship between the future

climatological mean (2020–44) September Arctic sea ice extent

(RCP8.5) and the regression model (22.991 1.163 SIE_c2 2.973
TAS_t) applied to the historical time period (1979–2012). The

models are numbered according to Table 2 and error bars show one

standard deviation of the mean values. The solid blue line is the

least squares linear fit to the models and gray shading indicates the

95% prediction interval for the linear regression. The orange ver-

tical bar shows one standard deviation around the observed cli-

matological mean value (blue dashed vertical line) estimated from

NSIDC and ERA-Interim observations. The dashed horizontal

lines indicate the unconstrained multimodel-mean prediction

(red) and the constrained MDER prediction (blue).
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temperature. The coefficient of determination of the

regression is R2 5 0.82.

Figure S1 in the supplemental material reveals that

the unconstrained values of SIE_c from most models

show a positive bias compared to the NSIDC-NT ob-

servations (negative constant in the regression model

equation). The positive sign of the SIE_c term reflects

the positive correlation between historical and future

SIE, and the negative sign of the TAS_t term shows that

models that simulate a strong positive temperature

trend in the Arctic in the historical simulations tend to

simulate a smaller SIE in the future.Mostmodels show a

negative bias in TAS_t, suggesting that the reduction in

the constrained SIE is partly due to the TAS_t diag-

nostic. This is not surprising since Arctic temperatures

have risen about twice as much as the global average

(Bellucci et al. 2015), which can be partly explained by

the loss of sea ice (Screen et al. 2013).

The selected diagnostics also show that the linear

combination of diagnostics that best predicts the target

variable does not necessarily contain the diagnostics

with the highest correlation to the target variable, since

the correlation coefficient between TAS_t and future

SIE is not statistically significant (see Fig. 1). MDERhas

selected TAS_t as a predictor despite the weak rela-

tionship between TAS_t and future SIE becauseMDER

is a stepwise approach, and a variable is added at a given

step if it explains a significant fraction of residual vari-

ance from the previous step. In other words, the variance

explained by a combination of SIE_c and TAS_t is sig-

nificantly larger in terms of the F test than that explained

by SIE_c only. Therefore, it is not necessary that there

is a strong relation between TAS_t and future SIE

because such a relation may be masked, for example,

by a stronger relation between SIE_c and future SIE. In

fact, a sensitivity test without TAS diagnostics resulted

in a regression model that only included SIE_c and

the strength of the constraint was roughly halved. This

suggests that the two diagnostics have a roughly similar

contribution to the constraint (not shown).

Applying the regression model equation to the ob-

served SIE_c and TAS_t (blue dashed lines in Fig. 2) we

can constrain the CMIP5 projections of SIE. This con-

straint reduces the projected multimodel climatological

mean SIE (red dashed line) by 0.9 million km2 (i.e., from

4.25 to 3.35 million km2). This means that applying

MDER to SIE results in an over 20% smaller Arctic sea

ice extent between 2020 and 2044 compared to the un-

constrained CMIP5 multimodel mean.

To estimate the impact of internal variability on the

1979–2012 historicalArctic SIE andTAS trends used in our

analysis (Kay et al. 2011; Swart and Fyfe 2013; Swart et al.

2015), Fig. 3 shows trend distributions that were calculated

over the whole 34-yr time period from the results of

the 29 CMIP5 models and from a large initial-condition

ensemble obtained with the Community Earth System

Model (CESM LE; Kay et al. 2015; see also section 3b;

Jahn et al. 2016). The assumption is that the spread in

large initial-condition ensembles (round-off level per-

turbation) represents the internal variability of the cli-

mate system within the context of a particular climate

model. Comparing the standard deviation of the CMIP5

trends to the one obtained from the CESM LE gives an

estimate of the contribution of internal variability to the

spread in the CMIP5 SIE trends. For SIE, the standard de-

viation of the CESMLE trends (0.21 millionkm2 decade21)

is slightly smaller than one of the CMIP5 trends

(0.27 million km2 decade21), suggesting that internal

variability is an important but not the only factor deter-

mining the spread in the CMIP5 SIE trends. The standard

deviations in the TAS trends show a qualitatively similar

behavior (Fig. 3, bottom).

Unfortunately, the method often used in literature to

account for contribution of internal variability (Fyfe

et al. 2013; Swart and Fyfe 2013; Swart et al. 2015) could

not be applied here, since it requires models with mul-

tiple ensemble members. Here, we can use only one to

very few ensemble members per model since we need

the exact same ensemble members to be available for

all diagnostics. For the five variables required here

only one ensemble member is available for most of the

models (see number of ensemble members from each

model in Table 2).

b. Uncertainty estimation and the potential to narrow
model uncertainty

To test if the regression model is overfitted and to

investigate whether the MDER method actually gives a

more precise estimate of future SIE than the unweighted

multimodel mean, we cross-validate the results using

a pseudoreality approach. This approach selects each

model in turn as a reference by which to benchmark the

other models (see section 2a). Figure 4 shows the RMSE

for all pseudorealities considered, both for the un-

weighted multimodel-mean (uMMM) and the MDER re-

sults. The results show that RMSEMDER (0.93 millionkm2)

is about 62% smaller than RMSEuMMM (2.48 millionkm2).

Similarly, the 25th–75th percentiles of the error en-

sembles are more than halved from 1.8 million km2

(uMMM) to 0.8 million km2 (MDER). The RMSE of

the uMMM prediction basically reflects the intermodel

spread in the projections of the 2020–44 mean SIE and

is largely influenced by cases where the pseudoreality is

an outlier model. In contrast, with MDER we use the

information of the historical SIE (1979–2012) from

the pseudoreality (‘‘reference’’) model and use the other
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models to estimate the change in mean SIE between

1979–2012 and 2020–44. The reduction of RMSE in

MDER in comparison to that in uMMM indicates a

predictive skill of MDER and suggests that overfitting is

not an issue in our calculations.

To assess the full potential of MDER for reducing

the prediction uncertainty, we apply the model weights

calculated by MDER to obtain a weighted multimodel

mean. We hereby combine the MDER approach with

the method introduced by Hawkins and Sutton (2009)

that separates total prediction uncertainty into the three

components internal variability, model uncertainty, and

scenario uncertainty (see section 2c). Figure 5a shows

time series of the three sources of uncertainty in un-

weighted SIE projections. The dominant source of un-

certainty throughout the whole time period is model

FIG. 3. Frequency distributions of (top) SIE_t and (bottom) TAS_t calculated (left) from all 29 CMIP5 models

and (right) from the 38-member CESM LE over the time period 1979–2012. The red vertical lines represent the

trends from (top) NSIDC-NT observations or (bottom) ERA-Interim data. The values for the mean and the

variance (sigma) of each trend distribution are given at the top of each panel. The top-left panel is similar to Fig. 2c

in Swart et al. (2015).
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uncertainty, averaging around 62.5 million km2, which

is due to the large intermodel spread in SIE projections

between different CMIP5 models (Kay et al. 2011;

Stroeve et al. 2012b; Liu et al. 2013; Swart et al. 2015).

Differences in SIE due to different RCP scenarios start

to emerge after 2020 and become increasingly larger in

the second half of the twenty-first century. Thus, the

scenario uncertainty increases with time and becomes

more important than internal variability after 2050.

Scenario uncertainty, however, remains smaller than

model uncertainty until at least 2100. It is important to

note that only simulations of the scenarios RCP4.5 and

RCP8.5 were used here, since not enough models have

run the RCP2.6 and RCP6.0 scenarios (see section 2c).

As a sensitivity test, the analyses have been repeatedwith

19 CMIP5 models for which the three scenarios RCP2.6,

RCP4.5, and RCP8.5 were available (not shown), and

model uncertainty still remained the dominant source

over the whole time period in this method.

The internal variability component is assumed con-

stant in time by Hawkins and Sutton (2009), which is a

limiting factor (see also section 2c). With this method, it

has a value of60.6millionkm2 and is the least important

source of uncertainty after 2050. Other studies find a

larger contribution of internal variability in other vari-

ables (Melia et al. 2015; Jahn et al. 2016; Lique et al. 2016;

see also section 3b). This raises the question whether the

method of Hawkins and Sutton (2009) really captures

the internal variability to its full extent. Jahn et al. (2016)

estimated internal variability in Arctic SIE projec-

tions from a large ensemble of simulations with the

Community Earth SystemModel, as did Swart and Fyfe

(2013) for Antarctic sea ice area trends.

To compare our results to the Jahn et al. (2016)

method, we repeated their approach here. Figure 6

shows the results for the 38-member large ensemble

(CESM LE; gray), which was forced with RCP8.5, and

the 15-member medium ensemble (CESM ME; blue),

which was forced with RCP4.5. The ensemble spreads

were calculated as the standard deviation at each time

step across all ensemble members. The two ensemble

spreads are similar to each other (around 1.5 millionkm2)

until more and more ensemble members of CESM LE

reach an SIE of 0, which leads the CESM LE ensemble

spread to approach 0 as well. If we assume that the en-

semble spread represents internal variability, the Jahn

et al. (2016) estimate is more than twice the internal

variability from the Hawkins and Sutton (2009) method.

The internal variability estimated by Jahn et al. (2016)

quantifies variability as produced by a particular model

for a particular scenario and could therefore be different

for other models. In contrast, the estimate from Hawkins

and Sutton (2009) is obtained by performing a statistical fit

to the simulated time series and quantifying internal vari-

ability as the residual from the smoothfit across a number of

models and scenarios. These are obviously differentmetrics

and the large difference in estimated values indicates that a

true estimate of SIE internal variability that accounts for

multiplemodels is not yet possible. Regardless, it appears

that the Hawkins and Sutton method may underestimate

internal variability in the case of September SIE.

Model weighting has the potential to narrow uncer-

tainties in climate model projections (Hawkins and

Sutton 2009, 2011; Melia et al. 2015; Knutti et al. 2017;

Eyring et al. 2019). MDER can be used to produce

model weights by calculating the regression of historical

diagnostics and future SIE (see sections 3a and 2a). Note

that these MDER weights are different from the clas-

sical performance-based model weights, since they are

not directly proportional to model biases and can be

negative (Bracegirdle and Stephenson 2012). Table S1

lists all models and their weights. We recalculate the

three types of uncertainty weighting the models with

the MDER weights. By applying the weights calculated

FIG. 4. RMSE differences between the multimodel-mean future

SIE and the pseudoreality of future SIE estimated for different

pseudorealities (gray dots). The RMSE is calculated for two cases:

the uMMM and theMDERmethods. The crosses show the RMSE

for each case and the boxes (red: uMMM; blue: MDER) give the

25th–75th percentiles across the error ensembles. The horizontal

middle line inside each box indicates the median of the model

ensemble.
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from the target period 2020–44 to the whole projection

period we need to assume that the same processes selected

by MDER are similarly important for SIE projections

during the other periods, because we cannot applyMDER

to a longer time period given the spurious correlations

occurring when more and more models reach a sea ice

extent close or equal to zero (see section 2a). The re-

sults of the weighting on the types of uncertainty are

shown in Fig. 5b. Compared to the unweighted case

(Fig. 5a) the weighted model uncertainty is considerably

smaller, while internal variability is (as expected) not

affected by weighting.

The bar charts in Fig. 5c show a more quantitative es-

timation of this uncertainty reduction. The relative re-

duction of model uncertainty becomes larger with time:

from 30% in 2010 to 50% in 2090. This large uncertainty

FIG. 5. Total uncertainty in CMIP5 SIE projections separated into the three fundamentally different sources of

uncertainty: internal variability (orange), model uncertainty (blue), and scenario uncertainty (green) estimated

from the 29 CMIP5 models listed in Table 2 (RCP4.5 and RCP8.5) following Hawkins and Sutton (2009). (a),(b)

Time series (1979–2100) of the sources of uncertainty from unweighted SIE projections and from SIE projections

weighted with the model weights generated by MDER, respectively. Additionally, the total uncertainty of the

historical simulations is shown (gray shading), together with SIE observations (NSIDC; black line). All time series

are 10-yr running averages and calculated as anomalies with respect to the observed September 2000 Arctic sea ice

extent (6.2 million km2; NSIDC). (c) Sources of uncertainty in five different time steps both for the unweighted (left

bars) and weighted case (right bars). (d),(e) As in (b) and (c), respectively, but for the internal variability com-

ponent, which is doubled in each time step based on a rough estimate with a single ESM large ensemble.
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reduction is mainly due to a bias correction: the MDER

weights are calculated using the two diagnostics SIE_c

and TAS_t (section 3a). For SIE_c, the models with the

largest biases have the smallest weights, reducing the

model spread. Comparing the diagnostic values for SIE_c

(Fig. S1) and TAS_t (Fig. S3) reveals that the model with

the largest positive SIE_c bias (CSIRO-Mk3.6.0) also has

an unrealistically small temperature trend (TAS_t), re-

sulting in a small SIE_t, and thus gets the smallest weight

(Table S1). This example illustrates howmodel weighting

can reducemodel uncertainty. In theweighted results, the

contribution of model uncertainty to the total uncertainty

becomes smaller with increasing projection time (from

over 80% in 2010 to less than 40% in 2100), but since

scenario uncertainty is also slightly reduced by weighting

after 2065,model uncertainty remains themost important

source of uncertainty in SIE projections throughout the

twenty-first century.

To account for a possible underestimation by the

Hawkins and Sutton method (as discussed above),

Figs. 5d and 5e show a rough estimate of this uncertainty

by doubling the internal variability component, as the Jahn

et al. method suggests. Here, internal variability is more

important than scenario uncertainty until 2100, accounting

for 20%–30%of the total uncertainty, and becomes almost

equally as important as the weighted model uncertainty

toward the end of the twenty-first century. However, even

considering a doubled internal variability component,model

uncertainty—despite weighting—remains the dominant

source of uncertainty throughout this century.

c. Weighting SIE projections and estimating YOD

We now apply the results of MDER to reduce the

uncertainty in the multimodel projection of future SIE

byweighting themodels with theMDERweights (Fig. 7).

For both RCP scenarios, the weighted multimodel-mean

SIE (wMMM) is about 1millionkm2 smaller than uMMM

until YOD is reached in the wMMM projection of SIE.

The smaller SIE from the wMMM suggests a more pessi-

mistic future forArctic sea ice than fromuMMM, implying

an earlier disappearance of the ice. We calculate two

thresholds to quantify the differences between uMMM

and wMMM: the first year in which the multimodel-

mean SIE drops below 2 millionkm2 (YO2) and the

multimodel-mean YOD. For RCP4.5 the YOD comes

after the year 2100 in both cases but YO2 happens much

earlier in case ofwMMMcomparedwith uMMM:whereas

YO2 happens in uMMM after 2100, YO2 is reached in

wMMM in the year 2064 and thus at least 37 years earlier.

In RCP8.5 both YOD and YO2 are also earlier in the

wMMM: 2047 instead of 2060 in the case of YO2 and 2062

instead of 2076 for YOD, meaning that when applying

MDER to reduce the model uncertainty nearly ice-free

conditions in the summertime Arctic in the RCP8.5

FIG. 6. Ensemble spread (10-yr running-mean standard devia-

tion) in September Arctic sea ice extent simulations performed

with CESM, for the 38-member large ensemble (CESM LE; 2006–

2100) forced with RCP8.5 (gray) and the 15-member medium

ensemble (CESM ME; 2006–80) forced with RCP4.5 (blue).

Thick lines represent the respective ensemble means. For details

on CESM LE and CESM ME, see Jahn et al. (2016).

FIG. 7. Time series (2006–2100) of future SIE in the (top)RCP4.5

and (bottom) RCP8.5 scenarios: ensemble means of the CMIP5

models listed in Table 2 (black dashed curves), the uMMM (red

curves), and the multimodel mean weighted by MDER (wMMM;

blue curves). The gray shading shows the standard deviation of the

CMIP5 ensemble, both unweighted (enclosed in thin red lines) and

weighted (enclosed in thin blue lines). The vertical lines indicate

the first time the multimodel means drop below 2 million km2

(YO2; dashed) or the YOD (solid).

1498 JOURNAL OF CL IMATE VOLUME 33



scenario are reached more than a decade earlier com-

pared with the unweighted CMIP5 multimodel mean.

Weighting the multimodel mean has similar effects

to weighting model uncertainty (section 3b): outlier

models are down-weighted and since more models on

average show a positive SIE_c bias than negative bias,

and since those models also project a larger future SIE

than the others, MDER’s bias correction predicts a

smaller future multimodel-mean SIE. Similarly, the

weighted standard deviation across the CMIP5 pro-

jections is about 0.5 million km2 smaller than the un-

weighted standard deviation until wMMM reaches

YO2. Note that here the multimodel standard deviation

is a different measure than model uncertainty [Eq. (5)]

and that the standard deviation is estimated individually

for each scenario, which is why the reduction in model

uncertainty by weighting (section 3b) is larger than the

reduction in the multimodel standard deviation. Here,

the weighted standard deviation is still large, amounting

up to 5 million km2.

Since YOD is clearly scenario-dependent, it provides

a measure of the anthropogenically forced response of

the climate system. As seen in section 3b, even without

model uncertainty the contribution of internal variabil-

ity is too large to precisely predict YOD. However, the

results obtained here strongly suggest an earlier near-

disappearance of Arctic sea ice than estimated from an

unweightedmultimodel mean confirming similar findings

by Massonnet et al. (2012).

4. Summary and discussion

We applied the multiple diagnostic ensemble regres-

sion method (e.g., Karpechko et al. 2013) to projections

of SeptemberArctic sea ice extent (SIE) from 29CMIP5

models (Table 2). From a set of 15 process-oriented di-

agnostics (Table 1) known to influence Arctic sea ice, the

stepwise regression algorithm within MDER selected a

linear combination (parsimonious regression model) of

two of these diagnostics that best predict the projected

future SIE: the climatological mean SIE (SIE_c) and

the trend in Arctic near-surface temperature (TAS_t).

Applying this regression model to observations of these

two quantities, MDER is used to constrain the SIE

projections. Compared to unweighted multimodel-mean

projections,MDERresults in smaller ice extents by about

1 millionkm2 and an earlier year of near-disappearance

of Arctic sea ice (YOD) by more than a decade in the

RCP8.5 scenario. By cross-validating the MDER results

with a pseudoreality approach we have confirmed that

our regression model has not been overfitted.We caution

that the predictions of future SIE and YOD provided

in this study are affected by unavoidably subjective

preselection of diagnostics, and they can be refined

once additional emergent constraints become available.

Finding emergent constraints (e.g., Bracegirdle and

Stephenson 2012; Borodina et al. 2017) for Arctic sea ice

is an ongoing scientific topic. The study showed that

MDER has the potential to increase the understanding

of which variables mainly control the model uncertainty

in the projected Arctic sea ice evolution, and we would

like to encourage further process-oriented studies.

Using the method introduced by Hawkins and Sutton

(2009, 2011) to separate the total uncertainty in projec-

tions of SIE in its three components (internal variability,

model uncertainty, and scenario uncertainty), we have

identified model uncertainty as the largest source of

uncertainty in SIE projections throughout the twenty-

first century. We have shown that weighting the models

based on MDER’s regression model greatly reduces

model uncertainty in projections of SIE by 30%–50%.

This is possible because the weighting in MDER uses

information from two diagnostics allowing the projec-

tions to be constrained with observations. Hodson et al.

(2012) found that uncertainties in the twentieth-century

mean state of the Arctic climate are a major source

for uncertainties in Arctic climate projections and that

observational constraints can greatly improve the

precision of Arctic climate projections, which was also

demonstrated here.

However, the other two sources of uncertainty—internal

variability and scenario uncertainty—cannot be signifi-

cantly reduced by applying the MDER method. By

analyzing large ensembles of the CESM model, Jahn

et al. (2016) found that these two types of uncertainty

make up for a combined prediction uncertainty in YOD

of about 25 years. We also used this approach here and

obtained values for internal variability that were about

twice as high as the one obtained with the method by

Hawkins and Sutton (2009). While the CESM analysis

only quantifies internal variability within the context

of a single model, the discrepancy with the curve fitting

method of Hawkins and Sutton (2009) suggests that the

latter method might underestimate the actual internal

variability in SIE. Assuming an internal variability com-

ponent that is twice as large as the one suggested by

Hawkins and Sutton (2009), internal variability becomes

as large as theweightedmodel uncertainty (1.3millionkm2).

In any case, anddespite the lack of a convincing estimate of

internal variability, the internal variability is too large for a

precise prediction of YOD. However, MDER strongly

indicates an earlier disappearance of Arctic sea ice com-

pared to the unconstrained CMIP5 multimodel mean.

For other sea ice variables, two studies find slightly

different contributions of different sources of uncertainty

to the total uncertainty. Melia et al. (2015) find that model
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uncertainty in September sea ice thickness projections only

becomes the dominant source of uncertainty after 2022

(before that, the dominant source is internal variability)

and that it accounts for maximally 70% of the total un-

certainty in sea ice thickness projections, whereas for sea

ice extent we find that model uncertainty is the dominant

source throughout the twenty-first century, regardless of

themethod estimating internal variability. For the change

in CMIP3 summer (July–September) Arctic sea ice ex-

tent, Lique et al. (2016) found internal variability to be

more important thanmodel uncertainty until 2020, with a

model uncertainty of between 1 and 3 millionkm2. This is

similar to the model uncertainty that we find (around

2.5 million km2). However, our estimate of the internal

variability component (0.6 million km2) in SIE projec-

tions is smaller than in Lique et al. (2016), which is

around 1million km2. This could be due to the Hawkins

and Sutton method not capturing internal variability to

its full extent as discussed above, or due to the use of

different model results (CMIP3 vs CMIP5). To further

analyze and quantify the contribution of internal vari-

ability to the diagnostics used in MDER—especially the

trend diagnostics—multiple ensemble members from

each model are required. With larger ensembles avail-

able in CMIP6, this study can be repeated and internal

variability contributions estimated.

This study demonstrates the potential of MDER to

reduce model uncertainty in multimodel projections of

Arctic SIE and constrain the prediction of YOD. Its

strength is partly based on the strong relationship be-

tween past and future climatological mean SIE, with a

correlation value of r 5 0.91 (Fig. 1 and Fig. S6), which

is a well-known emergent constraint (e.g., Boé et al. 2009;
Bracegirdle et al. 2015; Borodina et al. 2017). Other

studies (Massonnet et al. 2012; Liu et al. 2013; Melia et al.

2015; Knutti et al. 2017; Screen andWilliamson 2017) also

use this relationship to constrain projections of Artic

sea ice using different methods such as, model selection

(Massonnet et al. 2012) or bias correction (Melia et al.

2015). All studies estimate a YOD in the 2040s or 2050s,

similar to our results. Liu et al. (2013) combine model

selection based on model performance and constraining

the model biases with observations. They estimate a

YOD between 2054 and 2058. In view of our results with

still large uncertainties despite weighting, it is surprising

that Liu et al. (2013) find such a narrow estimate for

YOD. It may stem from confining their analyses to 5-yr

sliding windows.

Knutti et al. (2017) introduce a weighting scheme that

accounts for both model performance and model inter-

dependence using sea ice and surface temperature di-

agnostics, resulting in a faster expected decline of SIE

than in the unweighted case. They raise the concern of

selecting the right diagnostics, but argue that picking

unsuitable diagnostics will assign random weights to the

models and therefore will not influence the results, as

long as the model ensemble is large enough. This is one

of the key strengths of our approach: the stepwise re-

gression algorithm in MDER filters spurious relation-

ships and only retains the most suitable diagnostics. The

strength of theMDERmethod to constrain the projections

can be further improved by finding additional emergent

constraints that can be used as diagnostics.

In addition to historical Arctic SIE, theMDER results

are also based on historical Arctic temperature trends.

Using CMIP3 results, Mahlstein and Knutti (2012)

found a nearly linear relationship betweenArctic sea ice

area and both global and Arctic mean temperature.

Using this relationship, they predict the future evolu-

tion of Arctic sea ice extent under different stabilized

warming scenarios, based on observations and consid-

ering internal variability from the models. Their findings

suggest that a permanently ice-free Arctic could likely

be prevented under 28C or less stabilized warming.

The results of the different approaches mentioned

above are in general agreement with our findings.

However, despite all the great community efforts to

reduce uncertainties in the projections of Arctic climate,

model uncertainty remains too large to give a precise

estimate of the timing of the first near-disappearance of

Arctic sea ice. In fact, considering the large contribution

of irreducible internal variability, it is likely that these

exact predictions are impossible. Yet, all of these studies,

including this study, hint at a more pessimistic outlook

for Arctic sea ice. Recent studies found that reducing

Arctic warming to 1.58C instead of 28C by the end of

the twenty-first century can greatly reduce the number

of occurrences of an ice-free Arctic (Jahn 2018; Screen

2018; Sigmond et al. 2018). It is therefore imperative to

further pursue and enhance global mitigation strategies

to limit climate change.
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