Annals of Glaciology

THIS MANUSCRIPT HAS BEEN SUBMITTED TO THE ANNALS OF GLACIOLOGY
AND HAS NOT BEEN PEER-REVIEWED.

Model weighting for ISMIP6-Greenland based on
observations and similarity among models

Journal:

Annals of Glaciology

Manuscript ID

AOG-94-0485

Manuscript Type:

Article

Date Submitted by the
Author:

22-Nov-2024

Complete List of Authors:

Luo, Xiao; University at Buffalo, Department of Geology
Crooks Nowicki, Sophie; University at Buffalo, Department of Geology

Keywords:

Ice-sheet modelling, Ice velocity, Ice thickness measurements

Abstract:

The Ice Sheet Model Intercomparison Project for CMIP6 (ISMIP6) resulted
in a large number of ice sheet simulations from multiple ice sheet models.
To-date, there are no model weighting studies that analyze or quantify
the model performance and possible duplication of the ISMIP6 ice sheet
models and the resulting effect on projections of mass loss. In this study,
we adopt a model weighting scheme for the ISMIP6-Greenland that
accounts for both model performance compared to observation and
model similarity due to possible duplication. We choose ice velocity and
thickness for the measurement of model performance, and we use as
many variables as we can to compute similarity indexes. For quality
weight, we choose a quality parameter that leads to reduction of
ensemble bias for both present-day and future projection. For similarity
weight, we use an intermediate parameter that efficiently highlights
model independence. The total model weights are simply constructed as
the multiplication of the quality and similarity weights. Finally, the sea
level rise contribution from ISMIP6-Greenland is updated with the
weights, and we find that, although the multi-model mean is not
considerably shifted, the model spreads are reduced by applying the
model weights.

Cambridge University Press




Page 1 of 25 Annals of Glaciology

SCHOLARONE™
Manuscripts

Cambridge University Press



—

03 O\ W B

10
11
12
13
14
15
16
17
18
19
20
21

22

23
24
25
26
27
28
29
30

31
32
33
34
35
36
37
38
39
40
41

42
43
44
45
46
47

Annals of Glaciology

Model weighting for ISMIP6-Greenland based on observations and similarity
among models

Xiao Luo!, Sophie Nowicki!»?

Author Information

"Department of Geology, College of Arts and Sciences, University at Buffalo, State University of New York, Buffalo,
NY, 14228, USA.

RENEW Institute, College of Arts and Sciences, University at Buffalo, State University of New York, Buffalo, NY,
14228, USA.

Abstract

The Ice Sheet Model Intercomparison Project for CMIP6 (ISMIP6) resulted in a large number of ice sheet
simulations from multiple ice sheet models. To-date, there are no model weighting studies that analyze or quantify the
model performance and possible duplication of the ISMIP6 ice sheet models and the resulting effect on projections of
mass loss. In this study, we adopt a model weighting scheme for the ISMIP6-Greenland that accounts for both model
performance compared to observation and model similarity due to possible duplication. We choose ice velocity and
thickness for the measurement of model performance, and we use as many variables as we can to compute similarity
indexes. For quality weight, we choose a quality parameter that leads to reduction of ensemble bias for both present-
day and future projection. For similarity weight, we use an intermediate parameter that efficiently highlights model
independence. The total model weights are simply constructed as the multiplication of the quality and similarity
weights. Finally, the sea level rise contribution from ISMIP6-Greenland is updated with the weights, and we find that,
although the multi-model mean is not considerably shifted, the model spreads are reduced by applying the model
weights.

1 Introduction

Greenland ice sheet mass loss has shown a large contribution to global sea level rise in the past decades (Shepherd
and others, 2020) and will continue to play an important role in future sea level rise under a warming globe (Hofer
and others, 2020; Fox-Kemper and others, 2021). The Ice Sheet Model Intercomparison Project for CMIP6 (ISMIP6)
(Nowicki and others 2016, 2020) serves as an important estimator for ice sheet evolution in future, showing
considerable spreads by the end of the 21t Century for the Greenland ice sheet (Goelzer and others, 2020; Payne and
others, 2021). Following the approach taken by previous ice sheet community efforts such as Sea-level Response to
Ice Sheet Evolution (SeaRISE; Nowicki and others 2013; Bindschadler and others 2013), the analysis of the ISMIP6
ice sheet model ensemble has adapted a “one model one vote” strategy.

The issues and drawback of assigning equal weights (also referred to as “one model one vote” strategy) have been
extensively discussed in the climate modeling literature (Knutti, 2010; Knutti and others, 2010; Masson and Knutti,
2011; Pennell and Reichler, 2011; Knutti and others, 2017), but not detailly explored and discussed in the ice sheet
modeling realm. There are existing studies that used calibration strategy, mostly via establishing Bayesian frameworks,
to generate performance scores for either the Greenland or Antarctic ice sheet model ensemble (Gladstone and others,
2012; Ritz and others, 2015; DeConto and Pollard, 2016; Nias and others, 2019, 2023; Brinkerhoff and others, 2021;
Aschwanden and Brinkerhoff, 2022; Felikson and others, 2023; Jager and others, 2024), but this approach is not yet
applied on the ISMIP6 multi-model ensemble (for neither the Greenland nor Antarctic ice sheets). Furthermore, as
these studies are mostly calibrating on single ice sheet model ensembles, the model inter-dependence is then not a
pertinent topic because the ensemble members are essentially different realizations branching from the same model
with varying controlling physics parameters.

Similar to the issues faced by climate models, the assignment of equal weights on ice sheet models have the
following assumptions: i) each ice sheet model in the ensemble has equal performance of capturing the present-day
ice sheet state (e.g., ice thickness, surface ice velocity and temperature, etc.) and projecting the ice sheet evolution
into the future; ii) all models in the ensemble are independently developed without any duplications or exchanges of
modeling ideas, codes and subcomponents. For the first assumption, ice sheet models obviously do not perform equally
even at their initial states, which can be easily shown by the model errors of ice velocity and thickness compared to
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observation documented in SeaRISE (Nowicki and others 2013; Bindschadler and others 2013) and ISMIP6-
Greenland (Goelzer and others, 2020). Also, it is highly unlikely that the models will all have equal performance of
projecting the ice sheet into the future.

As for the model inter-dependence, it is risky to assume the models are completely independent from one another
and allow equal votes for them. Because it is common that the ice sheet models have similar initialization process
(e.g., data assimilation using the same velocity or thickness) and close physical laws. If these similar simulations are
counted repetitively, the unweighted model ensemble will be biased toward the repeated projections. This is true for
ISMIP6-Greenland as multiple submissions come from the same ice sheet model. For example, the Ice-sheet and Sea-
level System Model (ISSM; Larour and others 2012) has been used by multiple modeling group, and in some cases, a
group might have submitted a number of simulations. The three ISSM submissions from AWI have identical
configurations except that they are run under different spatial resolutions (Appendix Al, Goelzer and others 2020),
thus, they are expected to be quite similar. In contrast, the ISSM simulations from other groups (e.g.,
JPL _ISSMPALEO) might have larger differences resulting from different initialization techniques and modeling
choices that eventually lead to distinct sea level rise projections. These submissions are all considered as independent
models in Goelzer and others (2020) and Payne and others (2021), motivating our interests to account for not just
model performance but also model inter-dependence to better interpret the information provided by ISMIP6.

For the model weighting strategy, it is challenging to define the correct metrics (or diagnostics) to measure the
model performance because it is very difficult to have a proper definition (or even quantitative metrics) of the general
skills of models (Knutti and others 2017). When the simulations are scored based upon different metrics, each model
could outperform the other models on one metric but underperform on another variable. No decisive conclusions may
be properly drawn in terms of which metric is the “best one” or “most appropriate one”. The choices of diagnostics
might have significant influences on the performance weighting as demonstrated by both climate model weighting
(Lorenz and others, 2018) and a recent Bayesian calibration research on single ice sheet model (Felikson and others,
2023). The latter study assigned weights using ice velocity, dynamic thickness change and mass balance separately as
diagnostics for calibration, and showed largely different posterior distribution. Also, for the same diagnostic such as
ice surface velocity, a complexity may arise from the initialization step of ice sheet models that opted to use data
assimilation to approach the present-day status of the Greenland ice sheet. If the same observation is chosen to measure
the quality or performance for this specific diagnostic, results are likely going to favor the models who chose the same
observation for the data assimilation, while the other models who chose a different dataset maybe down scored.

Yet, it is not trivial to assign weights based on some metrics as shown in the climate modeling community that has
been attempting to extract credible and reliable information from the multi-model ensemble. The Climate model
Weighting by Independence and Performance project (ClimWIP; Brunner and others 2019, Merrifield and others
2020), following the previous work of Sanderson and others (2015) and Knutti and others (2017), has assigned weights
to CMIP6 models that leads to reduction of the model spreads. A recent ClimWIP study (Brunner and others, 2020)
utilized an updated version of this model weighting strategy, and found a reduction of model spreads and generally
lower global temperature rise under both weak and strong climate scenarios. This reduction is because several climate
models with strong warming received low weights.

In this study, we utilize the ClimWIP model weighting framework to assign model weights to Greenland ice sheet
models that participated in ISMIP6-Greenland, in order to investigate if the model weighting shift sea level projections
and to what extents. We limit our focus on the same variables as used in Goelzer and others (2020), which are ice
velocity and thickness, to assign performance weights to models. However, we use as many variables as we can to
produce independence weights because this metric does not depend on observation. Then we update the multi-model
ensemble projections with the various weights. This paper proceeds as follow: Section 2 will provide an overview of
the model weighting strategy and data utilized for the weighting. Section 3 will describe the reasoning of choosing
free parameters involved in the model weighting, the final results of model weights, and the updated model projections
with weights. Section 4 will conclude this paper and provide discussion of limitations of this study and future research.

2 Data and Methods

2.1 Model weighting scheme

In this study, we adopt a model weighting scheme (Sanderson and others, 2015, 2017; Knutti and others, 2017)
designed for model weighting of CMIP5 GCMs based on comparison of model simulation and observational data.
This scheme is generally applicable for process-based model weighting, as it accounts for both the performance of
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model simulation and the similarity of a certain model in a multi-model ensemble due to possible duplication of codes
and components.

In short, a certain model is weighted by both skill and independence. Essentially, the weight of a model w;, is
determined via two parameters: (1) the weight of quality w, , which measures how close the simulation approaches
the observed values; (2) the weight of uniqueness w, , which rewards the model if it demonstrates uniqueness compared

with other models in the ensemble and punishes a certain model if it shows more replications. The total weight w, is
then evaluated as the multiplication of these two quantities as shown in Eq. (1):

1

Wo=w Xw —exp[—(Di("bS) )] x
i~ g u m D
P el M

J#i

where D, is the distance of the i'" model from the true observation, and D, is the model similarity between a model
pair. Following the method described in Sanderson and others (2017), we evaluate both D, ., and D, as Root Mean

Square Errors (RMSEs). The pairwise distances are calculated for each variable and then linearly combined to
formulate the distance matrices. For each variable, only the grid cells where all models and observation have valid
values are retained to compute the distances, and other grids are removed. D, and D, are free parameters, representing

the radius of uniqueness and radius of quality, respectively. They are quantified as percentiles of the mean of the inter-
model distances, and we explore the choices of these two parameters in later sections.

Observations are necessary to quantify the weights of quality, but they are not needed to measure the weights of
uniqueness (interchangeable with weights of similarity). Therefore, we use the variables described in Section 2.2 for
quality weighting, and we use the simulated quantities mentioned in Section 2.3 to produce similarity weighting.
Finally, all fields are normalized before they are used to compute the weights.

2.2 Simulation and observation data for quality weighting

The simulated ice thickness and ice velocity fields (Figures la and 2a) are used directly from the outputs of
ISMIP6-Greenland (Goelzer and others, 2020). We use the snapshots of ice velocity and thickness at the beginning of
the control projection (“ctrl_proj” hereafter) to compare with the observation datasets. We note that not all ice sheet
models report surface ice velocity, for instance, the Greenland ice sheet models BGC BISICLES, IMAU-IMAUICEI1
and IMAU-IMAUICE?2 only provide vertically averaged ice velocity fields, as these three models are run under either
Shallow-Ice Approximation (SIA) or Shallow-Shelf Approximation (SSA). In order to maintain consistency with
Goelzer and others (2020), which compares the vertically averaged velocity with observation, we use the same mean
velocity to compare with observation. The ice thickness observation (Figure 1b) is obtained from BedMachine datasets
(Morlighem and others, 2017, 2020). The observed surface ice velocity fields (Figure 2b) are obtained from
MEaSURESs Greenland Ice Sheet Velocity Map from InSAR Data, Version 2 (Joughin and others, 2015) for Greenland
ice sheet. The coverage of satellite mosaics varies from year to year, particularly in the southeast of the Greenland ice
sheet. We use the 2016-2017 mosaics for Greenland that were produced mostly from Sentinel-1A/1B data and
provided almost complete coverage over southeast region. The same period is used for ISMIP6-Greenland for model
weighting regarding surface velocity.

For Figures 1 and 2, we use both heatmaps and Taylor diagrams (Taylor, 2001) to visualize the inter-model
distances as well as model differences compared to observations. In a heatmap, each grid cell shows the value of
distance between either a model pair, or model and observation (last row in Figure 1c). In a Taylor diagram, the
RMSE, the standard deviation, and the Pearson correlation between models and observation are shown. Note that the
values shown in both heatmaps and Taylor diagrams are normalized, and the red crosses in the Taylor diagrams
(Figures 1d and 2d) correspond to the observations shown in Figures 1b and 2b. From the last row in Figure 1c, three
models show close representation of ice thickness compared to observation (GSFC ISSM, UAF PISMI, and
UAF PISM2). In contrast, UCIJPL_PISM1 and VUW_PISM show largest differences with observation.

The relationships between model pairs are also captured in the heatmap (Figure 1c) as well. For instance, the three
ISSM submissions from AWI show very small differences among each other, indicating that they are quite similar.
This is expected because these three submissions start from the same initial ice sheet status and their major differences
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are mainly the minimum horizontal resolutions and mesh grids. From the Taylor diagram of ice thickness (Figure 1d),
all models show high correlation (from 0.95 to 0.99) with observation, meaning that all models capture the spatial
features of thickness very well. This can be anticipated from Figures la and 1b. In addition, the distances from models
to observation are also shown as radial distances from models to the reference point in the Taylor diagrams. For
example, VUW_PISM is quite far from the reference point, indicating that it is quite different from the thickness
observation.

For ice velocity comparison, from the heatmap in Figure 2c, there are clearly some models who show large
differences of ice velocity compared to observation (e.g., MUN_ GISMI1, LSCE GRISLI, VUB_ GISM, and
VUW_PISM). However, the heatmap scales by all distances and some pair-wise model distances are even larger than
their differences to the observation, leading to less dissimilarity regarding which model deviates further from
observation. On the other hand, the Taylor diagram has more focus on the model differences and correlation to the
observation. For instance, both VUB_GISM and VUW_PISM show almost equally large differences compared to
observation (Figure 2¢), while the Taylor diagram (Figure 2d) demonstrates that VUB_GISM is more different than
VUW _PISM from the observation. We notice that all ISSM submissions match the observation quite well except
JPL _ISSMPALEQO. This is because it used longer period of interglacial spin-up while others used data assimilation of
the ice velocity that matches better with present-day observation, such as AWI ISSMs and GSFC_ISSM. Note that
the ISSM submissions from JPL used different velocity datasets (Rignot and Mouginot, 2012, 2008-2009) for data
assimilation; therefore, this might add to the distance from model to observation because we use velocity data from
Joughin and others (2015) as observation.

In summary, models often demonstrate different performance compared to different observations. For example,
JPL_ISSMPALEO and MUN_GSM2 show large differences to observed thickness but smaller differences to observed
velocity, while some models (e.g., VUB_GISM and VUW_PISM) show the opposite. This highlights the value of
using both variables for quality weighting for the remaining of this study.
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Fig. 1. Greenland ice thickness field in 2015 of (a) ISMIP6-Greenland ice sheet models and (b) observed ice thickness
obtained from BedMachine datasets (Morlighem and others, 2017, 2020). The differences between model pairs and
model-observation are visualized with (c) heatmap and (d) Taylor diagram. Note that the values shown in (c) and (d)
are normalized, and the red cross in (d) corresponds to the observation shown in (b).
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Fig. 2. Greenland vertically averaged ice velocity field in 2017 of (a) ISMIP6-Greenland ice sheet models and (b)
observed ice velocity obtained from MEaSUREs Greenland Ice Sheet Velocity Map from InSAR Data, Version 2
(Joughin and others, 2015). The differences between model pairs and model-observation are visualized with (c)
heatmap and (d) Taylor diagram. Note that the values shown in (c) and (d) are normalized, and the red cross in (d)
corresponds to the observation shown in (b).

2.3 ISMIP6 data for similarity weighting

Since the similarity weighting does not require a complete set of corresponding observational data for each field
considered, we use as many fields as we can to calculate the model similarity weights, except for those variables with
more than five models that do not have simulations in the first year of “ctrl proj”. This gives a reasonable size of
variables that we can use for similarity weighting. The fields used to produce similarity weight are tabulated in Table
1. The other variables in the data repository are not considered because there are more than 5 models who do not report
them.
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Table 1. ISMIP6 variables used to generate similarity weighting.

Variable Name Variable Units
1 acabf Surface mass balance flux kg m-2 s-1
2 dlithkdt Ice thickness imbalance m s-1
3 hfgeoubed Geothermal heat flux W m-2
4 litempbotgr Basal temperature beneath grounded ice sheet kg m-2 s-1
5 litemptop Surface temperature K
6 lithk Ice thickness m
7 orog Surface elevation m
8 topg Bedrock elevation m
9 xvelbase Basal velocity in x-direction m s-1
10 xvelmean Mean velocity in x-direction m s-1
11 yvelbase Basal velocity in y-direction m s-1
12 yvelmean Mean velocity in y-direction m s-1

We take each variable tabulated in Table 1 directly from the ISMIP6-Greenland dataset and reshape the field into
avector. The distances between each pair of models are evaluated as RMSE. The inter-model distances are then shown
as heatmaps utilizing data from different times: initial state (Figure 3a), 2100 in exp05 (Figure 3b), 2100 in all
experiments excluding control and control projection (Figure 3c), and averaged values of initial state and 2100 in all
experiments (Figure 3d). The reason why we want to test model similarity beyond the initial state of ice sheet is that,
despite its large influence on the future ice sheet evolution as shown in Goelzer and others (2018), similar initial
condition does not always guarantee that a pair of models are truly similar, even if they are from the same modeling
group. Although they maybe initialized in an identical fashion, they can respond differently to climate forcing due to
different modeling choices in the projections, eventually leading to distinct sea level rise. Therefore, we use both the
initial condition of ice sheet in the beginning year of “ctrl_proj” experiment and the future response in the last year of
different experiments to measure the proximity of models.

For model distances shown in Figure 3b, we use exp05 for all models except for UAF_PISM2 that uses expc01
because it is the only model that did not participate in exp05. For the heatmap in Figure 3c, all experiments are
considered to generate the model distances, and we do not need to make substitutions for UAF PISM. In the case
when not all models participated in an experiment, then the distances are only computed using the available models.
Finally, the model distances are averaged over each experiment. Figure 3d shows the average values of Figures 3a and
3c.

We observe that the three submissions from AWI_ISSM have the smallest model distances to other models in the
ensemble, which can be seen from both initial state (Figure 3a) and future projections (Figures 3b and 3c). JPL_ISSM,
JPL_ISSMPALEO, MUN_GISM1 and GISM2, UAF PISMI1 and PISM2, and VUW_PISM show largest model
differences with other models for both initial state (Figure 3a) and future projections in exp05 (Figure 3b), while
VUW_PISM is less distinct when all experiments are considered (Figure 3¢). We also note that the model distances
are smaller when using future projections in exp05 (Figure 3b) compared to using initial state only (Figure 3a). This
motivates the utilization of both initial state and future projection for the similarity measurement. However, the usage
of only one experiment may not fully capture model behaviors because ice sheet models may respond similarly to one
set of climate forcing but differently to another. For instance, one ice sheet model may be sensitive to high atmospheric
forcing but not oceanic forcing, and ISMIP6 project was designed to sample their different responses to climate forcing
(Table 3 in Nowicki et al 2020). In addition, ice sheet models may have different ocean forcing strategies (standard
or open experiments) such as UAF _PISM1 and UAF_PISM2. Therefore, it is meaningful to explore the complete set
of experiments for model similarity.
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Fig. 3. A heatmap representation of the inter-model distances of ISMIP6-Greenland models using the variables list in
Table 1 from (a) initial condition, (b) 2100 in exp 05 (with UAF_PISM1 using expc01), (c) 2100 in all experiments.
The averaged inter-model distance of (a) and (c) is shown in (d).

3 Results
3.1 Similarity weighting

As mentioned in Data and Method, the radius of uniqueness D, representing the nearest distance of one model is a

free parameter; therefore, we show the similarity weights of each model with varying uniqueness radii expressed as
percentiles of the mean of the intermodal distances in Figure 4. The similarity weights are separately computed using
initial condition (Figure 4a), 2100 in exp05 (Figure 4b), and 2100 in all experiments (Figure 4c). The averaged values
from Figures 4a and 4c are shown in Figure 4d.

From the approach in Knutti and others (2017), it is ideal to select a D, that produces nearly1/ N of similarity

weights for the same model with different variants ( N is the number of variants submitted to ISMIP6). For example,
as there are 8 submissions of ISSM, then each of them receiving 1/8 of weight is an ideal case; whereas SICOPOLIS
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receiving a weight of 0.5 is ideal as it has two submissions. However, there does not seem to be an optimal value of D,

that yields approximately 1/ N of similarity weights for all models (Figure 4). In addition, this philosophy taken in the
climate model community might not apply here as there are many different physics options and initialization methods
for the same ice sheet model that could lead to very different model simulations. For example, ISSM carried out by
AWTI is quite distinct from the simulations by JPL. Indeed, from all panels in Figure 4, the three ISSM simulations of
AWTI receive low weights of similarity due to their similar simulations among themselves and also with other models,
while the two ISSM submissions from JPL are distinct from all other models resulting in higher similarity weights.

In this study, we pick an intermediate value of 50% of the mean of inter-model distance as the similarity radius D,
(Figure 4). With D, smaller than this value, most models are given similar weights and there is essentially little

weighting effect. With radius approaching larger values, most weights are put on a few models that are most unique,
which also results in little weighting effect on all other models because the rest of them are almost equally
downweighed. The two variants of UAF_PISM have almost identical initial conditions, so they would have received
much lower weights using “ctrl_proj” only (Figure 4a); however, UAF_PISM1 show considerably different response
(compared to all other models including UAF PISM2), which leads to higher weights (Figure 4c). This highlights the
value of using both initial condition and future response to measure model behavior and their similarities (Figure 4d).
We also notice the difference between UAF PISM1 and UAF PISM2 are not demonstrated using exp05 only (Figure
4b) because they respond very similarity to the climate. Eventually, we use the 50% of mean inter-model distance as
D, shown in Figure 4d.
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Fig. 4. Weight of similarity of ISMIP6-Greenland models with varying radius of uniqueness D, measured as

percentiles of mean inter-model distances using (a) initial state, (b) 2100 in exp05 experiments and (c) 2100 in all
experiments. The average weight of similarity is shown in (d), which is used as the final similarity weight under
selected D, = 0.5 times the mean of inter-model distance.

We perform the same practice as in Brunner and others (2020) to examine the validity of similarity weighting via
a hierarchical clustering approach using the initial state, and the results are shown in Figure 5. The hierarchical
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clustering automatically sorts the similar models into the same family and formulates a complete family tree. When
the distances (or cut-off) are large (beginning from the leftmost side), all models are sorted into the same family. The
models are gradually sorted out to different branches in the tree when the cut-off is decreased until each model is its
own family (the rightmost side of the family tree). Unsurprisingly, JPL_ ISSMPALEO is the first one to formulate an
independent branch. Other unique models that show considerably different initial conditions (See Section 2 Data and
Methods) including VUW_PISM, MUN_GSM1 and MUN_GISM2 are also rapidly sorted out. The vertical line shows
the same distance as in Figure 4. We can observe that, under this cut-off, the unique models (such as
JPL_ISSMPALEO) are clearly distinguished from the others and the similar models are grouped into the same model
family. For instance, the three ISSM simulations with AWI are grouped together, and the same applies to UAF_PISM
(1and 2), ILTS PIK SICOPOLIS (1 and 2), and IMAU IMAUICE (1 and 2). GSFC_ISSM and JPL_ISSM are sorted
into the same family but not with the other ISSMs from JPL and UCIJPL, indicating that our choice of similarity
radius can still highlight the differences among these ISSM models.

XVUW-PISM
AF-PISM2
[:JUAFPISMW
Al TS-PIK-SICOPOLIST
WILTS-PIK-SICOPOLIS2
: -$IMAU-IMAUICE1
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( NCAR-CISM
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B 4JPLISSM
| MUN-GSM2
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1211 1 090807060504030201 0
Generalized Distance (% of mean inter-model distance)

Fig. 5. Hierarchical clustering of ISMIP6-Greenland models using the initial conditions of control projections in 2015.
The vertical line indicates the selected similarity radius, which is D, =0.5 times the mean of inter-model distance.

3.2 Quality weighting

The choice of the radius of quality D, is also a free parameter, and we use similar tests as shown in Knutti and

others (2017). Ideally, the chosen radius of quality should result in a decrease of RMSE of weighted results compared
to the unweighted results. Therefore, we show the fraction of RMSE of weighted results compared to unweighted with
varying quality radii measured as percentiles of the mean of model-observation distances (Figure 6). For both the
velocity and the multivariate cases, strong quality weighting with narrow radius results in the largest decrease of
RMSE, that is, when the skill radius equals around 20% of the mean of model-observation distances. However, the
decrease of the present-day model difference from observation does not guarantee the weighted ensemble will have
better performance in predicting the future. Thus, we also perform an out-of-sample test, and we show the results in
Figure 6b. This test adds more confidence in choosing an appropriate quality radius that can likely improve the
ensemble performance in future projection. The velocity and ice thickness of the “exp05” projection in the end of the
215t Century are used to conduct the out-of-sample test. Given that we obviously do not have the observation in 2100,
the out-of-sample test iteratively treats each model projection in 2100 as the truth. The distances from the remaining
models to this “truth” are computed, which are also measured as RMSEs, and then summed up. This iteration is applied
to all models, and the obvious family members of each model are removed when it is treated as the “truth” model. For
a certain model, if the distance to another model is smaller than its distance to observation, then this model is
considered as its family member. The family models are indicated as black cells in Figure 6¢. The diagonal is all
removed since the model itself is obviously its family model. The fractions of RMSE of weighted ensemble to the

Cambridge University Press



289
290
291
292
293
294

295

296
297

298
299
300
301
302
303

304

305
306
307
308
309

310
311
312

Annals of Glaciology

unweighted (Figure 6b) suggest that extreme quality weighting with small quality radius does not necessarily reduce
the bias in the future projection. Assigning excessive weights to only a few models (i.e., using a small quality radius),
which have close agreement with the present-day observation, does not guarantee reduction of future projection bias,
especially for ice thickness change (blue dotted curve in Figure 6b). Note that Figure 6a is constructed using the initial
state in 2015 only, while 5b is using the last year in the “exp05” projection, which is 2100. Eventually, we choose the
quality radius D, as equal to the mean model-observation distance. This choice reduces both the present-day ensemble

distance to observation and ensemble bias of future projection.
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Fig. 6. The fraction of RMSE of weighted to unweighted results with varying radius of quality D, measured as

percentiles of mean model-observation distances using (a) the data in 2015 and (b) “exp05” experiment in 2100. The
magnitude of ice velocity and thickness (dashed curves) and their changes from 2015 to 2100 (dotted curves) as well
as the mean of above (solid curve) are shown in b. (¢) The models that are excluded from the out-of-sample test when
each model is treated as the truth. The black cells in (c) represent the excluded family models for each model. Finally,
note that (a) is constructed using the initial state in 2015 of “ctrl proj” only, while (b) is using the last year in the
“exp05” projection, which is 2100.

3.3 Model weighting results

We show the final weighting results (Figure 7) in the same fashion as Sanderson and others (2015) with the x-axis
showing the weights of similarity and y-axis the weights of quality. Total weights are indicated by the shaded areas,
for example, if a model falls into the lower-left shaded area, then its total weight is between 0-0.1. We show the
weighting results under both univariate quality weighting (Figure 7a using velocity only and 7b using ice thickness
only) and combined weights (Figure 7¢).

Obvious clustering behavior is observed for most models, for instance, most ISSM variants receive similar model
weights, except the submissions from JPL, indicating the JPL submissions are quite different than rest of ISSMs. The
ISSM submissions from AWI, GSFC, and UCIJPL and BGC_BISICLES used data assimilation for initialization that
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results in close agreement with present-day ice sheet state, and therefore these models receive higher quality weights
for both velocity and thickness. However, since these models that opted for data assimilation have similar initial
conditions, they receive lower similarity weights (x-axes in Figure 7). SICOPOLIS, IMAUICE, and GSM models,
each having two submissions, also show little differences of model weights (for each pair), indicating each pair of
submissions is quite similar. The PISM model simulated with VUW group is clearly distinguishable from the two
PISM submissions from UAF group.

The same model may also receive different weights when either velocity or ice thickness is used to measure their
performance. For instance, PISM submissions from UAF receive high weights for thickness but low weights for
velocity. These two models use long inter-glacial spin-up and kept the ice surface close to observation using a flux
correction method (Aschwanden and others, 2016), leading to their close representation of thickness but not for
velocity. This highlights the need to use both velocity and thickness to measure the model performance instead of
univariate as some models do not have equal performance regarding variables. In contrast, VUW_PISM receive low
weights for both velocity and thickness due to that it used a different initialization method than submissions from
UAF. VUW_PISM did not use flux correction, leading to its lower thickness weights. We notice that JPL_ISSM,
JPL_ISSMPALEO, MUN_GSMI1, and MUN_GSM2 receive very low weights for quality weighting using ice
thickness. However, this does not mean they differ drastically from the observed thickness field over Greenland ice
sheet (Figure 2), but they are comparatively less close to the observation than other models. This is by design of
Sanderson’s method (Equation 1). These models used long interglacial spin-up that leads to less constrained ice
geometry, and MUN_GSM1 and MUN_GSM2 used different bedrock (Bamber and others, 2001) compared to the
other models that used BedMachine (Morlighem and others 2017). Finally, we note that the models simulated by
different groups may or may not be similar to each other, indicating it is worthwhile to treat each submission as an
independent model.
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Fig. 7. Results of ISMIP6-Greenland model weights of similarity (x-axis), weights of quality (y-axis), and total
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and (c) both ice velocity and thickness. The legends show the markers for each model. The same color is used for the
same model variants; for example, red color for all ISSMs.
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3.4 Weighted ice sheet projections

The weights shown above in Section 3.3 are then used to produce the weighted sea level projections by ISMIP6-
Greenland models (Table 2 and Figures 8-11). We pick the experiments shown in Figure 12 of Goelzer and others
(2020) to demonstrate the weighting effects on the final sea level rise projections. In Table 2, we define the weighted

ensemble mean as f,, = Zwl. xSLR. / Zwl. , and the weighted ensemble standard deviation (std) is defined as

i=1 i=1

N N
Ogp = \/ z w, X (SLR. — 114,)" / z w, . For exploration purpose, we show the results with varying choices of weights

in Table 2 including the total combined weights w, = w, xw, , quality weights only w, , similarity weights only w, ,

u

velocity weights only w, = w,,,,, xw, , and thickness weights only W, =W, i uess) X W, -

We find that the multi-ensemble mean of sea level rise projections do not deviate much from the equal weighting
case (mostly within +1lcm ), indicating that the weighting has minimal effects on the ensemble mean. However, we
notice that the model weights decrease the standard deviations (the “std reduction” rows in Table 2), and this
decreasing effect varies among different experiments, ranging from minor effects (around -1%) to moderate decrease
(around -30%). Using similarity weights only, the standard deviations are mostly increased, which can be anticipated
because the similarity weighting is supposed to highlight the unique models, whose sea level projections may deviate
more from the majority of the ensemble than others. For all other types of weights, the weighting effects have similar
influences on the standard deviation decrease.

We also note that the weighted ensemble standard deviation is a simple statistical metric that does not take the data
distribution of original ice sheet projections into account. Therefore, it does not directly translate to data spread. In
order to explore how much the weights modify model spreads and shift data distribution, we use four different ways
of applying the model weights on original ISMIP6-Greenland projections: direct approach (Figure 8), Monte Carlo
sampling (Figure 9), bootstrap resampling (Figure 10), and kernel density estimation using Gaussian kernel (Figure
11). For the direct approach, the sea level projections are multiplied by the model weights in a straightforward manner,
ie., SLE =SLE xw,, where each model weightw, is scaled up such that > w, equals to the number of

weighted original

models ( N =21). For the Monte Carlo sampling, we collect 2000 random samples with each sample randonly drawn
from the original sea level rise projection, and set the probability of each model equal to its weight. The statistics of
both the direct approach and the Monte Carlo approach are then summarized by the boxplots in Figures 8 and 9.
Boostrap resampling collects 2000 samples as well, but each of them are randomly drawn with replacement that equal
to the size of original samples ( N =21), in contrast to the Monte Carlo approach that draws only one value in each
sample. We estimate the mean of sea level rise projections from the boostrap samples and plot the probability density
functions (PDFs) in Figure 10. Finally, Kernel Density Estimation (KDE) builds directly upon original projections
calibrated with the model weights, because it adjusts the peaks and standard deviations of the Gaussian kernels locally
around each “data point” (in this case, each ISMIP6 projection). For instance, if a model has larger weight, then larger
confidence is implied for this value; therefore, the Gaussian kernel of this point becomes taller and slimmer. We show
the PDFs of KDE results in Figure 11, and the original ISMIP6 projections are marked on the x-axes as well.

In Figures 8 and 9, we simply define the model spread as the interquartile range (i.e., the middle 50-percentiles),
which is the length of the box. The outliers are the models who deviate more than 1.5 times of the interquartile range
from the ensemble mean, and these are marked as red crosses. The changes of model spreads are shown by the text
near each box, measured as percentage of original model spread. Note that the y-axes have different scales so that they
align to the total range of their original ISMIP6 simulations in Figure 9. For the direct approach, although the multi-
model means have minor shifts, it gives much larger model spreads after applying the model weights as the original
sea level rise projections are scaled either up or down by multiplying the weights. This increase is around 2 times
larger for all weighting types except for the similarity weighting only. In contrast, the Monte Carlo approach gives
mostly a reduction of the model spread. We observe that, by using total weights, most experiments have a decrease of
model spread, with the magnitude of reduction ranging from zero (e.g., CSIRO-Mk3.6 Medium RCPS8.5) to moderate
(-19.19% for MIROCS Low RCPS8.5) values. The quality weights mostly have similar effects as the total weights.
Under similar weighting only, the model spreads are moderately increased for some experiments, which can also be
observed in Table 2 due to the same reasoning above. We also explore the impacts of univariate weighting as well.
We find that the velocity weighting reduces model spreads for all experiments, while the effects of ice thickness on
weighted ensemble are rather diverse among experiments. Ice thickness weighting alone does not always reduce the
model spreads for all experiments, and a significant increase of spread (39.58%) is observed for CSIRO-Mk3.6
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Medium RCP8.5 experiment. This increase is because three models which received high weights (BGC_BICICLES,
LSCE GRISLI2, and UAF PISM2) each generated lower end sea level rise projections. This indicates the choice of
using ice velocity alone to assign model weights based on present-day observation might be more optimal compared
to univariate thickness weighting. Bootstrap resampling is used to estimate the distribution of sample mean and the
results are shown in Figure 10. Note that this is not the distribution of sea level rise projections, but the estimation of
the multi-model means. All weighting types except the similarity weighting scheme can reduce the variance of the
distribution, which is similar to the results presented in Figure 9. Finally, we use kernel density estimation to construct
the distribution of sea level projections with weights (Figure 11). The black thick curve shows the distribution of sea
level rise projections, and all other curves show distributions with model weights. We observe that the distribution
spreads are reduced for all Tier-1 core experiments including exp05, exp06, exp08 (the three exps in first row), exp09,
expl0, and exp07 (the three exps in last row). In contrast, the Tier-2 experiments are less influenced by the choices of
model weights.

In general, we conclude that the application of our model weights reduces the model spreads from minor to
moderate levels depending on experiments, although it does not have major impacts on multi-model mean. Finally,
we note that the model spreads shown in Figures 8-11 are not directly comparable to the standard deviations in Table
2 as they are different metrics.
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407 Table 2. Weighted multi-model ensemble statistics of the chosen ISMIP6 experiments using various types of
408 model weights.
Weight Experiments
exp08 expall expa02 expal3 exp09
.. HadGEM IPSL- CSIRO- ACCESS MIROCS
Type  Statistics 2-ES CMSA-  MK3.6  13Med  High
Med MR Med Med RCP8.5 RCP8.5
RCP8.5 RCP8.5 RCP8.5
Mean 8.283 7.704 4.429 5.593 9.961
(cm)
Equal  Std (cm) 1.782 5.026 3.052 3.727 4.617
Weight
Std
Change 0 0 0 0 0
Mean 8.304 9.43 5412 6.822 10.072
(cm)
Total Std (cm) 1.447 3.506 2318 2.69 4.526
Weight
o 18.81%  -3026% -24.04% -2781%  -1.98%
ange
Mean 8.394 9.457 5.465 6.867 10.379
(cm)
Quality  Std (cm) 1.456 3.591 2376 2.746 4347
Only
ChStd -18.26% -28.56%  -22.15% -26.32%  -5.84%
ange
Mean 8.016 7.377 4225 5.341 9.199
(cm)
Similarity  Std (cm) 1.741 5.068 3.056 3.747 4.946
Only
ChStd 230%  0.82%  0.14%  0.54%  7.12%
ange
Mean 8.282 9.045 5.251 6.568 10.414
(cm)
Velocity  Std (cm) 15 4.047 2.562 3.042 3.987
Only
Chs“i -15.80% -19.49%  -16.04% -18.37% -13.65%
ange
Mean 8.231 9.496 5.395 6.849 9.647
(cm)
Thickness  Std (cm) 1.456 3.264 2.223 2.543 4.905
Only
ChStd -18.28% -35.06% -27.16% -31.76%  6.24%
ange

409
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Fig. 8. Boxplots of the updated ISMIP6-Greenland projections in 2100 using varying weighting types including equal
weights (original simulations), total weights, quality weights alone, similarity weights alone, velocity weights alone,
and thickness weights alone. The original ISMIP6 projections are marked only on the first boxplot of each experiment.
The text above each boxplot shows the reduction/increase of the model spread. The types of weighting scheme are

indicated by the legends at the bottom.
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Fig. 9. Similar to Figure 8 but using Monte Carlo sampling approach as mentioned in the main text.
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Fig. 10. Distributions of Bootstrap mean of ISMIP6-Greenland projections in 2100 using varying weighting types
including equal weights (original simulations), total weights, quality weights alone, similarity weights alone, velocity
weights alone, and thickness weights alone. The types of weighting scheme are indicated by the legends at the bottom.
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Fig. 11. Similar to Figure 10 but using KDE approach to estimate the distribution of sea level rise projections, in
contrast to the estimation of ensemble mean shown in Figure 10. The individual ISMIP6 projections are marked on
the x-axes as well.

4 Conclusions and discussion

In this study, we have used the ClimWIP model weighting strategy to assign weights to ISMIP6-Greenland ice
sheet models to explore the influence on the sea level projections under model weights in contrast to “one model one
vote” strategy, which is previously practiced in ISMIP6 literatures. This model weighting strategy considers both
model performance compared to observation and model inter-dependence among the ensemble model participants.
We choose ice velocity and thickness of the initial ice sheet state, which are the same diagnostics as in Goelzer and
others (2020), to measure the model performance against observation. In contrast, we use as many ice sheet model
variables as we can to assign the independence weights. Furthermore, we consider both the initial states and future
projections to measure the independence weights. The motivation is that the models having similar initial states and
multiple submissions (such as UAF _PISM) may respond very differently to climate forcing based on their
implementation of ice-ocean interaction and other modeling options.

We also demonstrate the challenges of finding appropriate parameters involved in the model weighting scheme
and how the choices of radius of quality (D, ) and similarity (D, ) can best facilitate the weighting. We select D, as

0.5 times the mean of inter-model distance to effectively distinguish model differences, and we choose D, as equal to

the mean of inter-model distances so that the weighted ensemble shows decreased bias for both the present-day and
future projections. For quality weighting, we found that the same model can have different performances when
different diagnostics are used, which confirms the reasoning for using more than one single diagnostic. For example,
UAF _PISMI and PISM2 perform very differently when only one variable is used (Figures 7a and 7b), and the
combined weights provide more balanced scores than the single variable scores. In the final model weighting results
(Figure 7¢), most models receive weights ranging from 0.3 to 0.5.

The model weights are then utilized to update the projections of the six Tier-1 experiments plus three Tier-2
experiments. We do not observe significant shifts of multi-model ensemble mean, but the model spreads are indeed
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reduced to varying extents depending on the experiments. The simple weighted standard deviations indicate around
10% to 30% of model spread reduction. We also explore four different ways to apply the model weights on the
projections including the direct approach, Monte Carlo approach, Bootstrap mean approach, and Kernel Density
Estimation approach to find the impacts on the distribution of projections. With the exception of the direct approach,
which increases all model spreads, the other approaches generally reduce model spreads, but the magnitude of
reduction varies significantly among experiments and types of model weights applied.

One limitation of this study is that we do not perform the tests regarding the choice of observation and correlation
of diagnostics of ice sheet models with sea level rise projections and explore the influences of the types of diagnostics.
As an exploratory study of assigning model weights on ISMIP6-Greeland models, we limit our focus merely on the
same metrics used in Goelzer and others (2020). The Bayesian calibrations by using velocity change, dynamic ice
thickness change, and mass change observations show very different posterior sea level rise distributions in Felikson
and others (2023). Also, this study focuses on ISMIP6-Greenland model weighting, the same practice maybe used on
ISMIP6-Antarctica (Seroussi and others, 2020) and ISMIP6-Antarctica-2300 in future research.

Another limitation arises from not exploring other model weighting schemes. For similarity weighting, the
ClimWIP scheme stands on a data-driven point of view, that is, whether a pair of models are considered as similar
models is judged by their initial states and simulation results. Other methods maybe used to sort the models, such as
developing family model genealogy as recently practiced in the climate modeling community for CMIP6 models
(Kuma and others, 2023).

We also note that the refinement of the updated sea level distribution is not as significant as the ones shown in the
Bayesian calibration studies. However, they are not comparable due to the size of the ensemble. The size of the
ensemble considered in Bayesian calibration tends to be much bigger (from several hundreds to thousands) in contrast
to ISMIP6-Greenland models (21 models). This is because the ISMIP6-Greenland models generally submitted one
realization (at most 3 realizations) for the same model. In contrast, the Bayesian calibration studies were designed to
explore the uncertainties involved in the whole parameter space, resulting in a large number of perturbed ensemble
members branching from the same model. This makes their prior distributions of probabilistic sea level rise (before
Bayesian updating) very flat and the posterior much sharper.

In conclusion, we show in this study that the ClimWIP scheme is skillful in producing model weights that
effectively and reasonably quantify the model performance and inter-dependency. The resulting projections show mild
to medium level of decreased model spreads compared to the unweighted ensemble, although the multi-model mean
does not have significant shift. This highlights the potential of applying model weights to reduce ensemble spreads
for ice sheet intercomparison project, given that the next phase, i.e., ISMIP7, may include a bigger size of model
submissions and experiments that can lead to larger ensemble uncertainties.
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Code and Data Availability

The ISMIP6 output data is accessible on https://theghub.org/. The BedMachine data is freely available on
https://nsidc.org/data/nsidc-0756/versions/3. The MEaSUREs Greenland Ice Sheet Velocity Map from InSAR Data,
Version 2 is freely available on https://nsidc.org/data/nsidc-0478/versions/2. The scripts used to generate the figures
in this paper are available on XXX [zenodolink].
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