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Abstract. Drought risk is changing as the hydrological cycle responds to anthropogenic climate change. Projections of future

drought risk used to inform water management would ideally be conducted at local scale, but local-scale projections demand

local data and computational resources that are often not available. As an alternative, global-scale projections of glacier runoff

and the hydrological cycle can provide important insights for the local scale, particularly when interpreted carefully. Here, we

use an ensemble of 11 latest-generation (CMIP6) climate models to force three different global glacier models, and we examine5

changes in glacial drought buffering for 75 major river basins in the early, mid-, and late 21st century. Glacial drought buffering

results are broadly consistent across glacier models. By contrast, we find that the spread in glacial drought buffering among

different climate models is large and likely under-sampled compared with the full archive of suitable CMIP6 simulations (123

simulations from 28 models for the SSP2-4.5 scenario). This work highlights that, for downstream hydrological studies: (1)

no one global glacier model is more suitable than another, and (2) analysing a representative ensemble of climate models is10

imperative. Our findings illustrate that differences in glacier model outputs that appear consequential to glaciologists may be

less consequential for downstream impact metrics.

1 Introduction

Ongoing anthropogenic climate change has severe consequences for the global water cycle and hydrological hazards (Douville

et al., 2021; Caretta et al., 2022). For example, projections from global climate models show robust increases in the severity15

and frequency of several drought metrics in the coming decades (Cook et al., 2020). Global impact models (Prudhomme et al.,

2014) and global hydrological models (Wanders et al., 2015) support similar conclusions. Those projections do not account

for changes in parts of the water cycle that are not simulated by those models; for example, glaciers provide substantial runoff

to mountain regions, and that cannot be simulated directly in CMIP6-class climate models (Decharme et al., 2019; Lawrence

et al., 2019; Ultee et al., 2022, and discussion therein). Although global hydrological models show promise for projecting20

catchment-scale hydrologic change (Kumar et al., 2022), they include at best a simplistic representation of glacier dynamics
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(Wiersma et al., 2022; Hanus et al., 2024). The regional importance of glacier runoff, and the nonlinear response of glaciers

to climate change, demands large-scale glacier-dynamic projections of the impacts of glacier runoff entering major hydrologic

systems.

Droughts manifest in response to local environmental conditions that are connected to regional-to-global scale climate. In25

mountain regions where glacier runoff is significant, projections of drought would ideally come from local-scale hydrological

models coupled with glacier evolution models, both driven by regional-to-global scale climate variability and change. There

has been progress in coupling glacier evolution models with hydrological models for local- to regional-scale analyses, gen-

erally by driving a hydrological model with pre-generated glacier runoff for a short, contemporary period (Naz et al., 2014;

Mackay et al., 2018, 2019; Wiersma et al., 2022; Pesci et al., 2023; Hanus et al., 2024). However, it is not yet feasible to30

produce multidecadal projections of glacio-hydrological dynamic evolution for all glacier-dependent basins. Coupled hydro-

logical models are computationally expensive and rely on tens of parameters that are poorly constrained by observations (van

Tiel et al., 2020b; Somers and McKenzie, 2020; Hanus et al., 2024). Moreover, the computational, analytical, and observational

resources necessary to develop these analyses are not equitably distributed, and often unavailable in the places that most need

it (Stein et al., 2024). In the many basins where fine-scale coupled glacio-hydrological simulations are not yet possible, we can35

analyse the drought buffering role of glaciers — excluding interactions with snowpack or groundwater — from the combined

output of global climate models and glacier models.

Standardized drought indices permit efficient large-scale drought analysis. Given a time series of some hydrological quantity

of interest, such as local water balance, a standardized index compares variations against those of a reference period to identify

periods that would be experienced as unusually dry. A wide range of drought indices that focus on different types of drought and40

components of the hydrological system has been developed (World Meteorological Organization and Global Water Partnership,

2016). For future projections, standardized indices facilitate comparison of drought conditions based on output from climate

models with otherwise incompatible hydrology schemes. The Standardized Precipitation-Evapotranspiration Index (“SPEI”;

Vicente-Serrano et al., 2009), which accounts for the effect of changing temperature on atmospheric moisture demand, is

commonly used for large-scale analyses of drought under climate change scenarios (Cook et al., 2014; Ault, 2020). Ultee et al.45

(2022) modified the SPEI to quantify glacial drought buffering by accounting for a time-varying flux of glacier runoff.

Most glacierized river basins contain tens, hundreds, or thousands of individual glaciers, many of which lack in situ ice

thickness or runoff observations (Salzmann et al., 2014). Projecting future runoff for such basins requires a model that can

efficiently simulate multiple glaciers, at multi-decadal time scales, using only remote sensing or large-scale reanalysis data as

inputs. Several such models, known as global glacier evolution models (hereafter “glacier models”), are now available (Huss50

and Hock, 2015; Maussion et al., 2019; Hock et al., 2019; Rounce et al., 2020). Regional-to global-scale simulations from

these models predict dramatic loss of present-day glacier mass during the 21st century, with an initial increase and subsequent

decrease in annual glacier runoff (Huss and Hock, 2018; Immerzeel et al., 2020; Wimberly et al., 2025; Schuster et al., 2025).

In some basins, the phase of increasing glacial runoff has already passed, with no further increase projected in the 21st century.

Previous projections with one glacier model forced by previous-generation (CMIP5) climate model simulations found that55

glacial drought buffering on the SPEI continued through the end of the 21st century in almost all major river basins worldwide
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(Ultee et al., 2022). The availability of updated projections from state-of-the-art climate models (“CMIP6”, Eyring et al.,

2016) and large apparent discrepancies in runoff projections from different glacier models (Wimberly et al., 2025) motivate

an evaluation of the sensitivity of glacial drought buffering projections to these changes. Here, we expand the glacial drought

buffering analysis of Ultee et al. (2022) to include three different glacier models, forced by a common ensemble of simulations60

from 11 CMIP6 climate models, for 75 glacierized river basins worldwide.

2 Methods

2.1 Study areas

Our analysis focuses on the world’s 75 large river basins (> 3000 km2) that have considerable glacier cover (> 30 km2),

consistent with Wimberly et al. (2025) and Holmgren (2022). We chose these thresholds to identify basins where climate65

model output (often no finer than 0.25◦ resolution, or about 28 km at the equator) would be suitable for a large-scale drought

study, and where there was enough glacier ice to produce non-trivial runoff at basin scale. The basins span North and South

America, Europe, Asia, and New Zealand, and are home to more than one third of the world’s population (Huss and Hock,

2018). We do not consider any river basins in Greenland or Antarctica. Glacier area fraction (Ag/Abasin) ranges from 1.1×10−4

in the Irrawaddy basin to 2.5×10−1 in the Copper basin, with a median of 6.6×10−3. That is, the rivers in our analysis are fed70

in part by glacier runoff, but glaciers are only a small part of their catchment area. While we have not selected for hydrological

characteristics other than glacier cover, the basins included are climatologically diverse: they range from tropical to subpolar;

they sit on both windward and leeward sides of large mountain ranges; some are monsoon-affected; some are strongly affected

by El Niño-Southern Oscillation variability; some are arid; some are high-altitude endorheic basins, and some flow through

vast lowlands before reaching their outlet. The basin outlines are shown in global map view in Figure 1, and in regional maps75

with basin names in Figs. A1-A5.

We analyse model spread in drought buffering and its forcing variables for each basin. The basins appear as markers with

whiskers in Figure 2, plotted according to their glacier area fraction. In Figure 3, each panel shows a single basin with its name,

organized by region (labelled at the right side of the figure). Figures 4-5 present global climate model ensemble range and

mean, with the basins in the same order and labelled by region. Figures D1 and D2 show time series of the forcing variables80

for each basin, with the same organization as Figure 3. We summarize aggregate results below; where we use specific basins

as examples, we indicate the basin name, region, and its (row, column) location on the figure when applicable.

2.2 Global glacier runoff projections

We analyse a set of projections generated by three glacier models: the Global Glacier Evolution Model (“GloGEM”; Huss and

Hock, 2015, 2018), the Python Glacier Evolution model (“PyGEM”; Rounce et al., 2020), and the Open Global Glacier Model85

(“OGGM”; Maussion et al., 2019, 2023). Among the models participating in recent glacier model intercomparisons (Zekollari
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Figure 1. Map of river basins included in this analysis: 75 large river basins, each at least 3000 km2 in area, with glacier cover of at least 30

km2 in the Randolph Glacier Inventory v6 (RGI Consortium, 2017). Basin outlines are from the Global Runoff Data Centre (Global Runoff

Data Centre, 2020), here colored according to their initial glacier area fraction Ag/Abasin. See Appendix A for regional maps with basin

names.

et al., 2025, supplementary table S2), OGGM, PyGEM, and GloGEM are the only ones simulating all glacier regions on a

per-glacier basis and providing runoff output.

The runoff projections are forced by a common set of a single continuous historical (2000-2014) and Shared Socioeconomic

Pathway (SSP) 2-4.5 (2015-2100) simulations from 11 CMIP6 global climate models (hereafter GCMs). The forcing ensemble90

is consistent with standard, publicly archived glacier projections (Compagno et al., 2022; Rounce et al., 2023; Schuster et al.,

2023b; Zekollari et al., 2024; Wimberly et al., 2025). The SSP2-4.5 scenario results in mid-range warming through the 21st

century. For simplicity, we evaluate only one climate scenario here; the dependence of glacial runoff and drought buffering on

climate scenario is quantified in several other studies (Huss and Hock, 2018; Ultee et al., 2022; Aguayo et al., 2024; Wimberly

et al., 2025; Schuster et al., 2025).95

The three glacier models all use similar methods (described in Huss and Hock, 2015) to bias correct the GCM data. For the

GCM grid point closest to the glacier, the method calculates an additive (for temperature) and multiplicative (for precipitation)

monthly bias between the GCM data and a reanalysis product. The interannual variability of the GCM temperature series is

further adjusted to be consistent with the reanalysis data. A local precipitation factor is calibrated in each glacier model’s

mass balance module to produce per-glacier mass change consistent with satellite observations over the period 2000-2020. All100

models calibrate to the same observed mass change dataset of Hugonnet et al. (2021).

The three glacier models provide glacier-by-glacier projections of glacier volume and fixed-gauge water runoff, with monthly

resolution, for the period 2000-2100. The runoff projections include all sources of runoff – ice melt, snow melt, and liquid

precipitation – within initially glacierized areas. Glacier model differences, especially in calibration of the precipitation factor,
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can lead to significant discrepancies in simulated runoff. We outline key details of each model’s implementation in Table B1.105

Wimberly et al. (2025) provides a more complete analysis of the factors affecting glacier runoff output in these simulations.

2.3 Drought buffering

Changes in glacier runoff do not translate directly to changes in downstream water supply. Among the many fates possible after

leaving the glacial environment, runoff may flow rapidly along surface channels, seep slowly through subsurface pathways,

or be lost to evapotranspiration, altering the timing and quantity of water availability. For that reason we use a metric of110

downstream water supply that accounts for catchment hydrological processes, including potential changes with future climate

change: the Standardized Precipitation-Evapotranspiration Index (“SPEI”; Vicente-Serrano et al., 2009).

We compute two versions of the SPEI following the methods described in Ultee et al. (2022). We do not analyse either

version of SPEI in isolation; our work is not intended to produce a projection of actual drought frequency or severity. Rather,

we analyse “drought buffering” as the difference between SPEI with no dynamic glacier runoff (SPEIN ) and SPEI that accounts115

for glacier runoff (SPEIG). We are most interested in how the buffering effect may change over time.

The “no glaciers” SPEIN uses only GCM output without accounting for glacier runoff. For each month between 1900-

2100, we compute a water balance D = P −PET , where P is precipitation and PET is potential evapotranspiration. The

PET computation uses a Penman-Monteith method — a function of surface temperature, surface pressure, specific humidity

at the surface, and surface net radiation — modified to allow time-varying stomatal conductance in response to CO2 forcing120

(following Yang et al., 2019). We integrate the D series over a 3-month scale, such that the integrated value at each time step

is the sum of that month and the two previous, which focuses our analysis on streamflow drought (e.g. López-Moreno et al.,

2013; Ultee et al., 2022, Appendix B). We then standardize all D values against those in a climatological reference period

(1900-1979), using a nonparametric rank standardization such that unusually high D values are assigned to SPEI values ≥ 1

and unusually low values to SPEI ≤−1 without assuming an underlying distribution shape (Farahmand and AghaKouchak,125

2015). We maintained the same climatological reference period chosen in our earlier glacial drought buffering study to facilitate

comparison (Ultee et al., 2022).

The “with glaciers” SPEIG is analogous, but replaces the moisture source term P in the water balance with an area-weighted

sum of precipitation over ice-free areas and glacial runoff (including ice melt, snow melt, and liquid precipitation) over initially

glacierized areas:130

P̃ =
A−Ag

A
P +R (1)

where P̃ is the modified moisture source, A is total basin area, Ag is initially glacierized area of the basin, and R is glacial runoff

from all glaciers that drain into the basin. The variables Ag and R come from the glacier models. The climatological reference

period does not include glacier runoff, which makes an absolute comparison between SPEIG and SPEIN less meaningful; for

that reason, we focus on changes in buffering over time.135

Following standard operational practice (e.g. Danandeh Mehr and Vaheddoost, 2020), we identify a “drought” as any period

of continuously negative SPEI during which the SPEI reaches a threshold value of -1 or lower for at least one month. The
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“severity” of a given drought is the cumulative sum of SPEI during that period. For each of the river basins studied here, we

report the average severity of all droughts within a given time period.

We analyse SPEI data for the 21st century, 2000-2100, in three 21-year periods. The “Early century” is 2000-2020, “Mid-140

century” 2040-2060, and “Late century” 2080-2100. The glacial drought buffering in the “Early century” is considered a

baseline for each basin, by which we assess future changes in buffering. For example, if the difference in severity between

SPEIN and SPEIG is positive during the Early century and becomes more positive in the Late century, then buffering is

projected to increase.

2.4 Model spread145

The sources of uncertainty in our projections of glacial drought buffering include structural uncertainty among GCMs, struc-

tural uncertainty among glacier models, parameter uncertainty in glacier models, uncertain future climate scenarios, and inter-

nal climate variability. The impacts of these uncertainties vary regionally and are most effectively quantified at regional scale

(e.g. Aguayo et al., 2024). For this global analysis, we focus on comparing the spread in glacial buffering of drought severity,

and changes in that buffering over time, across GCMs and across glacier models. This comparison will not fully quantify the150

known sources of uncertainty, but it can inform glaciologists and practitioners as to the relative dependence of large-scale

drought buffering estimates on choice of glacier model.

We calculate drought buffering statistics for each glacier model-GCM pair. We then analyse the results for individual glacier

models, showing the spread from the GCM forcing ensemble for that glacier model (whiskers in Figure 2b and 3). The “GCM

spread” is the difference between the ensemble members (N = 11) predicting highest buffering versus lowest buffering for155

a given glacier model, basin, and period. The “glacier model spread” is the difference between the glacier models (N = 3)

predicting highest versus lowest multi-GCM mean buffering for a given basin and period. We report the ratio of GCM spread

to glacier model spread in Figure 3.

As noted in Wimberly et al. (2025), the available glacier runoff data represents the entire population of glacier models

available for global runoff simulations, but only a small sample of the GCM forcing realizations from the CMIP6 archive. One160

of the GCMs included in the Wimberly et al. (2025) ensemble lacks the secondary output variables necessary for calculating

SPEI which means it cannot be included in our analysis. To contextualize the inter-GCM spread not sampled in the current

archive of glacier runoff simulations, we compare the precipitation and temperature from our standard forcing ensemble against

a larger ensemble of all CMIP6 simulations that include the variables and scenarios necessary for our analysis (Figures 4-5

and D1-D2 below; CMIP6 ensemble from Eyring et al., 2016). This wider ensemble (123 simulations from 28 distinct GCMs,165

Table C2) includes spread from both structural uncertainty and internal variability, which we do not attempt to separate.

3 Results

Glacier drought buffering as measured in SPEI is projected to continue through the 21st century. This result is robust to

differences in GCM forcing, choice of glacier model, and choice of baseline periods, all of which differ between our study
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and Ultee et al. (2022). However, we find that GCM spread — arising from natural climate variability as well as differences in170

climate model construction — has not been well sampled in current glacier projections.

3.1 Magnitude of glacial drought buffering correlates with glacier area fraction

Glacial drought buffering is strongest in moderately glacierized basins. The strength of buffering, expressed in terms of reduced

drought severity, increases as glacier area fraction
(

Ag

Abasin

)
increases, with a decrease for the most heavily glacierized basins

(Figure 2a). This result is consistent with glacial drought buffering computed for a single glacier model by Ultee et al. (2022). It175

also aligns with theoretical understanding of the “glacier compensation effect” on streamflow, in which interannual streamflow

variability is minimized when the contributions from precipitation and from melt counterbalance, i.e. with moderate rather than

total glacier cover (Chen and Ohmura, 1990; van Tiel et al., 2020a).

3.2 Change in glacial drought buffering over time consistent among glacier models

Glacial buffering of drought severity generally persists or increases through the end of the 21st century. About 45% (102 cases)180

of all glacier model-basin pairs (3 glacier models x 75 basins) show no change in GCM ensemble mean buffering between the

Early and Late century, and a further 38% show increased buffering (85 cases; Figure 2b). The more heavily glacierized basins

tend to show larger increases in GCM ensemble mean buffering, though with more inter-GCM spread.

Although there are differences among glacier models in the magnitude of projected changes — buffering of drought severity

shown on the vertical axes in Figures 2-3 — the pattern over time for a given basin is similar across glacier models. For185

example, buffering in the Aral Sea basin (Asia; row 2, column 7 of Figure 3) is positive in the Early century, increases in the

Mid century, and remains high through the Late century for GloGEM (green markers), PyGEM (purple markers), and OGGM

(blue markers). In other basins, such as the Indigirka (Asia; row 1, column 3), buffering is weak but does not decrease through

the end of the century, irrespective of choice of glacier model. There are a handful of basins where buffering does decrease later

in the century for all three glacier models, e.g., the Kuban (Europe; row 10, column 7). Among the 225 cases shown (75 basins190

x 3 time periods) there are only 7 for which glacier models disagree on the sign of change. In all cases, GCM ensemble mean

buffering for each glacier model falls within the inter-GCM spread of the other two glacier models. We therefore conclude that

the qualitative patterns of glacial drought buffering are robust to choice of glacier model.

3.3 Inter-GCM spread in glacial drought buffering is substantial and under-sampled

Although ensemble mean glacial drought buffering is consistent across glacier models, there is considerable inter-GCM spread195

(whiskers in Figures 2-3). Inter-GCM spread always exceeds inter-glacier-model spread. For example, comparing end-of-

century buffering, inter-GCM spread exceeds inter-glacier-model spread by factors ranging from 1.7 (Majes basin, South

America; row 5, column 7 of Figure 3) to 133 (Magdalena basin, South America; row 4, column 4). In most basins (55 of 75),

inter-GCM spread is at least five times the spread across glacier models. This is true not only in basins with strong buffering

such as the Rapel (South America; row 6, column 5), but also moderate buffering cases such as the Indus (Asia; row 1, column200
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Figure 2. (a) Late century (2080-2100) glacial buffering of drought severity, and (b) change in buffering between the Early (2000-2020) and

Late century, for three glacier models (colors) and 75 basins (markers). Glacial buffering of drought severity is the difference in severity

between SPEIN and SPEIG over the period (see Section 2.3). Both panels show results for the ensemble of 11 GCMs, forcing each glacier

model studied here: PyGEM in purple, GloGEM in green, and OGGM in blue. Upward filled carets indicate buffering increased from the

baseline; downward open carets indicate buffering decreased; X markers indicate that the change in buffering is within ± 0.1 SPEI. Panel

(a) shows only the ensemble mean, for readability. Panel (b) shows the ensemble mean change in buffering, with full 11-GCM spread in

whiskers. Annotations on panel (b) give the number of basin-glacier model pairs with increased (Ninc) or decreased (Ndec) buffering; the total

number of basin-glacier model pairs is 75x3=225.
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Figure 3. 21st-century glacial drought buffering, expressed as difference in drought severity, for three periods: Early (2000-2020), Mid

(2040-2060), and Late century (2080-2100). Glacial buffering of drought severity is the difference in severity between SPEIN and SPEIG

over the period (see Section 2.3). Colors indicate results per glacier model; markers indicate if the GCM ensemble mean buffering increases

(upward filled triangles), decreases (downward open triangles), or remains unchanged (x) relative to the historical baseline (circles in Early

century). Whiskers give inter-GCM spread. Italic text gives ratio of inter-GCM to inter-glacier-model spread at Late century.
9



7) and Fraser (North America; row 8, column 3), and weak buffering cases such as the Danube (Europe; row 10, column 3).

Ensemble members tend to agree in sign with the GCM ensemble mean change, but there are several cases in which one or

more GCMs projects a change over time of opposite sign to the GCM ensemble mean. Those cases are legible in Figure 2b,

where some GCM ensemble members show decreasing buffering (whiskers ending at negative y-axis values) despite a positive

GCM ensemble mean change (markers with positive y-axis values).205

The 11-member GCM ensemble we analyse here, and which has been used as the standard forcing for glacier models, under-

samples uncertainty in the CMIP6 archive. If the glacier-forcing ensemble were representative of the larger CMIP6 archive

(Eyring et al., 2016), we would expect the precipitation and temperature series of the 11 members to be well dispersed among

those of a larger ensemble. We would also expect the mean values of the smaller ensemble to be close to the mean values of the

larger ensemble for most basins. Instead, in comparison to the larger, 123-member CMIP6 ensemble, 21st-century precipitation210

and temperature projections from the glacier-forcing ensemble sample a smaller range and their means are biased low (Figures

4-5, D1-D2). For example, the glacier forcing ensemble members shown in Figure 4a sample a much more limited range of

precipitation change (y-axis values) than the CMIP6 ensemble members shown in Figure 4b. The mean change at end of century

is consistently larger amplitude in the CMIP6 ensemble than in the glacier forcing ensemble for both precipitation (Figure 4c)

and temperature (Figure 5c). Without generating glacier runoff projections for a more complete sampling of the CMIP6 archive215

— a computational demand beyond what has been attempted by the glacier modelling community thus far — the uncertainty

from GCMs in projections of future glacial runoff and drought buffering remains poorly quantified. Understanding the sources

of GCM ensemble spread, and how it differs regionally, for both the standard glacier-forcing ensemble and the CMIP6 archive,

merits attention in more detailed studies.

Our results demonstrate conclusively that inter-GCM spread outweighs inter-glacier-model spread in glacial drought buffer-220

ing projections from a standard set of glacier model simulations. More generally, although we have not fully sampled the

relevant sources of uncertainty, our findings suggest that uncertainty in climate forcing from GCMs is more important than

uncertainty in glacier model physics for hydrological projections in glacierized river basins.

4 Discussion

Glacier models use different approaches to simulate glacier processes, so we should expect some resulting differences in225

their runoff outputs. For example, differences in the approach to calibration, climate-forcing downscaling, and initialization

can produce large differences in simulated glacier mass and runoff (Marzeion et al., 2020; Schuster et al., 2023a; Aguayo

et al., 2024; Wimberly et al., 2025). This is in fact desirable, allowing the glacier modelling community to sample structural

uncertainty — because our models are always an imperfect simplification of the physical world, and we want to capture the

range of possibilities — so we should not strive to find one “best-performing” glacier model for every application. Indeed, any230

evaluation of “performance” depends on context and the intended use case (O’Loughlin, 2024). Our objective here is rather to

provide interpretive guidance for use cases where model uncertainty is important but may not be directly quantified.
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Figure 4. Panel a: Spread in end-of-century (2080-2100) percent change in total basin precipitation for (bars) the 11 members of the glacier

model forcing ensemble and (whiskers) the 123 members of the CMIP6 archive with data sufficient for SPEI. Panel b: Ensemble means of

the same variable, with the glacier model forcing ensemble mean on the x-axis and the CMIP6 ensemble mean on the y-axis; dashed black

line shows 1:1 correspondence. Results are colored by basin glacier area fraction and shown in the same basin order as other figures; time

series for each basin are shown in Figure D1.

Figure 5. Panel a: Spread in end-of-century (2080-2100) basin-averaged temperature anomaly for (bars) the 11 members of the glacier model

forcing ensemble and (whiskers) the 123 members of the CMIP6 archive with data sufficient for SPEI. Panel b: Ensemble means of the same

variable, with the glacier model forcing ensemble mean on the x-axis and the CMIP6 ensemble mean on the y-axis; dashed black line shows

1:1 correspondence. Results are colored by basin glacier area fraction and shown in the same basin order as other figures; time series for each

basin are shown in Figure D2.
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The magnitude of glacial drought buffering correlates with basin glacier coverage in all three glacier models (Figure 2). This

result agrees with the theoretical expectation that streamflow variability is minimized for basins with moderate glacier cover

(Chen and Ohmura, 1990; Fleming and Clarke, 2005; van Tiel et al., 2020a). It is reassuring that glacier models reproduce the235

theoretical expectation regardless of differences in process parametrizations. The temporal trends in glacial drought buffering

also do not depend on the choice of glacier model (Figure 3). Despite differences among glacier models in terms of absolute

runoff projections (i.e. physical units), the projected annual and seasonal runoff expressed as percent changes are generally

similar (Wimberly et al., 2025). The rank standardization used to compute a nonparametric SPEI (Farahmand and AghaK-

ouchak, 2015; Ultee et al., 2022) will likely translate similar percent changes in runoff to similar SPEI changes, other inputs240

being equal. Our results demonstrate explicitly that large absolute differences in runoff (up to a factor of three; see Wimberly

et al., 2025) among glacier models may be relatively unimportant for downstream drought metrics. These findings imply that

any of the three glacier models chosen would be appropriate for regional-scale drought analysis. In a regional-scale drought

study conducted with limited computational resources, it may not be necessary to sample an ensemble of different glacier

models.245

Consistency of glacial drought buffering on SPEI does not necessarily imply that other hydrological metrics will be similar

across glacier models. In part, the simulated drought buffering is a result of glacier models scaling up precipitation over the

glacier domain, which corrects GCM underestimation of the water balance at high elevation (Ultee et al., 2022). Each glacier

model applies different precipitation corrections (Table B1), and that leads to corresponding differences in absolute runoff.

Different choices of baseline climate dataset and calibration scheme also affect simulated runoff from each model (Schuster250

et al., 2023a; Aguayo et al., 2024). Thus, hydrological studies that require absolute glacier runoff should either sample multiple

glacier models or seek observational constraints on runoff to adjust a single glacier model.

Inter-GCM spread emerges as a larger source of uncertainty than inter-glacier-model spread in this analysis. The ensemble

of GCM simulations in our results was chosen to be consistent with previous glacier modelling efforts (Compagno et al., 2022;

Rounce et al., 2023; Schuster et al., 2023b; Zekollari et al., 2024; Wimberly et al., 2025), which selected ensemble members255

agnostically, and it is not representative of the full CMIP6 ensemble spread in the 75 river basins we study. We do not attempt

to separate GCM structural uncertainty from internal variability, and it is likely that the 11-member ensemble of climate forcing

undersamples both. For instance, internal climate variability may be large in basins affected by modes of climate variability

such as the El Niño-Southern Oscillation. Internal climate variability is best sampled by analysing many model realizations

of the same time period (Deser et al., 2020); our glacier model forcing ensemble uses only one realization per GCM, while260

the full CMIP6 ensemble includes multiple realizations from several models (Table C2). Furthermore, choosing 11 of over 25

available CMIP6 GCMs is unlikely to fully quantify structural uncertainty. The under-sampling of both structural uncertainty

and internal climate variability is apparent in the limited spread of precipitation and temperature projections from the glacier-

forcing ensemble compared with a 123-member CMIP6 ensemble (Figures 4-5 and D1-D2). Finally, our drought buffering

analysis includes only a single climate scenario. Thus, although our previous analyses indicate that scenario uncertainty may265

be comparable in magnitude to other GCM uncertainties (Ultee et al., 2022; Wimberly et al., 2025), we have not quantified it
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here. Fully quantifying the uncertainty from internal variability, scenario uncertainty, and structural uncertainty at the scale of

the river basins of interest should be a high priority for future studies.

Accounting for climate variability and model spread is of particular importance for glacier modelling because glaciers are

long-term integrators of variability in the climate. Short-term variations in temperature and precipitation can produce large,270

longer-term variation in glacier extent (Oerlemans, 2000; Roe and O’Neal, 2009; Goosse et al., 2018). When variability is

ignored, as in glacier simulations forced by ensemble-mean climate fields, the resulting estimates of glacier volume change are

biased (Vlug, 2021; Vlug et al., 2021; Robel et al., 2024). Bias and missing variability in glacier volume are consequential for

annual runoff, because they determine how much water is stored as glacier ice from year to year. We expect that glacier model

simulations sampling a more representative ensemble of climate model forcing, that more fully accounts for climate variability,275

could differ not only in glacier runoff variability but also in mean state compared with simulations forced by a limited ensemble.

The selection of representative climate forcing for hydrological modelling is an area of active research (Snyder et al., 2024;

Adhikari et al., 2024). Moreover, regions differ in which modes of climate variability most affect their hydroclimate. We expect

that ensemble selection done at the regional scale (e.g. Rivera and Arnould, 2020; Huong et al., 2023; Azad and Ahmadi, 2024)

will be more effective than a single global ensemble in detailed simulations of glacio-hydrological change.280

A noted challenge of the CMIP6 ensemble is that some ensemble members respond too strongly to greenhouse gas forc-

ing, producing warming inconsistent with observational constraints. This enhanced warming is a result of changes in certain

model processes since the CMIP5 generation (Zelinka et al., 2020), and the Intergovernmental Panel on Climate Change Sixth

Assessment Report (AR6) has addressed it by analysing weighted ensemble means rather than simple ensemble mean change

over time. Hausfather et al. (2022) suggest that regional impact studies select climate forcing ensembles that are consistent285

with AR6, for example by choosing models with equilibrium climate sensitivity within the “likely” range. We have used the

climate sensitivities of each CMIP6 model as assessed by Zelinka (2022) to present such ensembles in Figures C1-C2. Our

main conclusion, namely that inter-GCM spread is large and under-sampled in the glacier model ensemble compared with the

broader CMIP6 ensemble, is upheld in those results as well. However, excluding models with climate sensitivity outside the

AR6 “likely” range removes more than 60% of the sample. We suggest that those interested in likely hydrological futures ex-290

plore the other recommendations of Hausfather et al. (2022) such as analysing global warming levels (temperature outcomes)

rather than scenarios. That will require additional data processing when using archived model output (see e.g. Zekollari et al.,

2025), but it supports broader sampling from the CMIP6 archive.

Aside from GCM and glacier model-related uncertainty, the definition of “drought” is also a consequential source of un-

certainty in future projections (Satoh et al., 2021; Caretta et al., 2022). We have assessed glacial drought buffering using only295

one of the many drought indices in operational use (World Meteorological Organization and Global Water Partnership, 2016).

Other drought indices are less straightforward to modify for glacial runoff input, do not account for important climate change

signals, or have limited data available to assess in future projections. The SPEI, like other drought indices, is a statistical metric

that does not account for physical processes other than those explicit in its input data (Scheff et al., 2022). Most notably for

the mountain basins we describe here, SPEI does not explicitly account for changing snowpack, interactions with groundwater300

stores, or human interventions in regional water flow (Van Loon et al., 2016). Because our fixed-gauge glacial runoff includes

13



snowmelt over previously glacierized areas (Section 2.2), our analysis of “glacial” drought buffering may overstate the hy-

drological role of glaciers and mask the importance of seasonal snow in a changing climate. Our results are therefore not to

be interpreted as a definitive projection of future drought or glacial drought buffering. Based on the statistical construction of

standardized indices, and our previous analysis showing correlation between SPEI and the Standardized Runoff Index (Ultee305

et al., 2022), we believe that inter-model spread and change over time of glacial drought buffering will be robust to choice of

drought index. However, regional studies should consider what drought metric(s) best represent hydrological changes in their

study area.

Methodological choices in the computation of a given drought metric affect drought projections as well. For example,

analysts computing SPEI choose a climatological reference period (here 1900-1979), an integration period for the water bal-310

ance (here 3 months), a standardization method (here nonparametric rank standardization), and a potential evapotranspiration

equation (here a modified Penman-Monteith method). These choices have minimal effect on our analysis of glacial drought

buffering and its change over time, because we compare our SPEI projections to historical baselines with the same method-

ological choices (§2.3, above, and Ultee et al., 2022). We therefore chose methods consistent with established practice (Cook

et al., 2014; Farahmand and AghaKouchak, 2015; Yang et al., 2019; Ault, 2020) and chose not to further quantify uncertainty315

in those choices. Regional analyses of future drought may still benefit from sensitivity studies of the user choices in their metric

of choice.

Although the three glacier models we analyse are nearly interchangeable in terms of quantifying drought buffering, there are

inter-glacier model differences that may make one more suitable than another for specific regional hydrology projections. For

example, PyGEM is the only one that includes explicit treatment of debris cover on glaciers, which significantly impacts ice320

dynamics in regions such as High Mountain Asia (Rounce et al., 2020). Further, even a single glacier model may produce a large

spread in certain runoff metrics — comparable to inter-GCM spread — when subjected to different choices of historical climate

dataset and initial glacier geometry (Aguayo et al., 2024). Downstream users must therefore carefully define their requirements,

and consult the glacier model description literature, to ensure an appropriate choice of glacier model and initialization datasets.

Our analysis of glacial drought buffering quantifies only two of many sources of uncertainty in glacio-hydrological projec-325

tions. The relative importance of different sources of uncertainty depends on the intended use case. Consider two hypothetical

uses of glacier projection information: Agricultural planners may be most interested in the expected seasonal shift in runoff

peak for glacierized basins, while hydropower planning may require projections of interannual runoff variability. The former

depends more strongly on climate scenario, while the latter depends more strongly on the reference climate used to initialize

a glacier model (Aguayo et al., 2024). Our results do not provide direct information sufficient for either use case. New en-330

semble simulations that sample glacier runoff from multiple glacier models, calibrated to common observations, forced by a

broad ensemble of GCMs that captures relevant modes of climate variability, assessed at a range of global warming levels,

could provide more comprehensive uncertainty quantification that would support a range of applications. In the meantime, we

encourage practitioners to (1) carefully define their variables of interest, (2) review available literature on the largest sources of

uncertainty specific to those variables, (3) design simulations to sample those sources of uncertainty if possible, and (4) apply335

regional observational constraints on simulated runoff where available.
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5 Conclusions

We have used all suitable global glacier models, forced by an ensemble of state-of-the-art global climate models, to quantify

glacial drought buffering on the Standardized Precipitation-Evapotranspiration Index. Glacial drought buffering correlates with

basin glacier coverage, and buffering generally increases or stays steady through the end of the 21st century. The consistency340

of this result with Ultee et al. (2022) indicates that it is robust to choice of glacier model, choice of CMIP5 or CMIP6 forcing,

and choice of baseline period. Our results should reassure glacier modellers that large inter-glacier-model differences in some

output variables do not hinder their utility for downstream impact studies. By contrast, the spread resulting from the climate

model forcing is greater than that from different glacier models, even though we have not fully sampled the sources of climate

model uncertainty. Future downstream hydrological studies that wish to use glacier model output can justify using only one345

of the available glacier models, if well chosen for their regional context and normalized to observed runoff. However, it is

imperative that downstream hydrological studies and the next generation of global glacier model projections select and analyse

a representative ensemble of climate model simulations for climate forcing.

Code and data availability. The glacier model runoff aggregated to basin scale is archived as Wimberly (2024). The OGGM standard runoff

projections are a variant of Schuster et al. (2023b). The PyGEM runoff projections are archived as Rounce et al. (2022). The code for our350

analysis is available on GitHub and archived on Zenodo (DOI: 10.5281/zenodo.6510185).
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Appendix A: Regional maps

Figure A1. River basins of Asia included in this study, colored by the glacier area fraction Ag/Abasin.
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Figure A2. River basins of South America included in this study, colored by the glacier area fraction Ag/Abasin.
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Figure A3. River basins of North America included in this study, colored by the glacier area fraction Ag/Abasin.

Figure A4. The single New Zealand river basin included in this study, colored by the glacier area fraction Ag/Abasin.

18



Figure A5. River basins of Europe included in this study, colored by the glacier area fraction Ag/Abasin.
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Appendix B: Glacier models included

Table B1. Summary of key features of the three glacier models used in our analysis. For more detail on glacier modelling techniques, we

refer readers to Zekollari et al. (2022). For analysis of the runoff output of these three models, we refer readers to (Wimberly et al., 2025).

Glacier model GloGEM PyGEM OGGM

Reference Huss and Hock (2015) Rounce et al. (2020) Maussion et al. (2019)

Version used 2021 2022 v1.6.1 (Schuster et al., 2023b)

Initial glaciated area, Ag RGI v6 (RGI Consortium, 2017) RGI v6 Area in year 2000 after dynamic

spin-up

Area constant until RGI v6 nominal year Year 2000 RGI v6 nominal year

Forcing for historical

period simulation

(2000-2014)

ERA5 reanalysis (Hersbach et al.,

2020)

GCM realizations GCM realizations

Surface mass balance

scheme

Positive degree day, accounting for

snow, firn and ice. Refreezing

parametrization.

Positive degree day, accounting for

snow and ice. Refreezing

parametrization. Adjustment for

debris cover.

Temperature index model with no

surface type distinction. No

refreezing.

Representation of ice

dynamics

∆h empirical method Calls OGGM v1.3 dynamics Shallow Ice Approximation (ice

flow) in 1.5D

Calibration approach Three-step calibration of degree

day factors and precipitation factor

to match per-glacier mass balance

to Hugonnet et al. (2021), forced

by ERA5

Bayesian inference of per-glacier

mass balance to Hugonnet et al.

(2021), forced by ERA5

Calibration and dynamic spin-up

to match both glacier area at

inventory date (RGI Consortium,

2017) and per-glacier mass

balance to Hugonnet et al. (2021),

forced by W5E5 (Lange et al.,

2021)

GCM bias correction Adjust temperature (mean and

standard deviation) and

precipitation (mean) in GCM

series to match ERA5 1980-2019

Adjust temperature (mean and

standard deviation) and

precipitation (mean) in GCM

series to match ERA5 1980-2019

Adjust temperature (mean and

standard deviation) and

precipitation (mean) in GCM

series to match W5E5 2000-2019

Glacier precipitation

adjustment

Precipitation factor calibrated per

glacier, with regionally varying

bounds; elevation gradient.

Precipitation factor calibrated per

glacier with regionally varying

priors; elevation gradient.

Precipitation factor computed per

glacier based on total winter

precip; no elevation gradient.
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Appendix C: Global climate model ensembles and climate sensitivity

Table C1. GCMs used in glacier model forcing ensemble (all r1i1p1f1 realization).

Model name Effective climate sensitivity

(Zelinka et al. 2020)

Within 1σ of average? Within AR6 “likely” range

of 2.5-4◦C sensitivity?

BCC-CSM2-MR 3.02 Yes Yes

CESM2-WACCM 4.68 Yes No

EC-Earth3 4.10 Yes No

EC-Earth3-Veg 4.33 Yes No

FGOALS-f3 2.98 Yes Yes

GFDL-ESM4 3.89 Yes Yes

INM-CM4-8 1.83 Below No

INM-CM5-0 1.92 Below No

MPI-ESM1-2-HR 2.98 Yes Yes

MRI-ESM2-0 3.13 Yes Yes

NorESM2-MM 2.49 Below No
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Table C2. GCMs in CMIP6 archive suitable for glacial drought buffering analysis (Section 2.4). Effective climate sensitivity assessed for

“flagship” model variant (usually r1i1p1f1 realization) by Zelinka et al. (2020) and updated in Zelinka (2022). Models not assessed by

Zelinka show “–” in the climate sensitivity column. The last column indicates whether the assessed climate sensitivity for the flagship variant

falls within the IPCC AR6 “likely” range, suggested by Hausfather et al. (2022) as a criterion for filtering CMIP6 simulations.

Model name Number of realizations Within 1σ of CMIP6 mean

climate sensitivity?

Within AR6 “likely” range

of 2.5-4◦C sensitivity?

ACCESS-CM2 3 Yes No

AWI-CM1-1-MR 1 Yes Yes

BCC-CSM2-MR 1 Yes Yes

CanESM5 50 Above No

CanESM5-CanOE 3 – –

CAS-ESM2-0 2 – –

CESM2 3 Above No

CESM2-WACCM 3 Yes No

CMCC-CM2-SR5 1 Yes Yes

CMCC-ESM2 1 Yes Yes

EC-Earth3 1 Yes No

EC-Earth3-Veg 1 Yes No

FGOALS-f3-L 1 Yes Yes

FGOALS-g3 4 Yes Yes

FIO-ESM-2-0 3 – –

GFDL-ESM4 1 Below Yes

GISS-E2-1-G 14 Below Yes

HadGEM3-GC31-LL 1 Above No

INM-CM4-8 1 Below No

INM-CM5-0 1 Below No

MPI-ESM1-2-HR 2 Yes Yes

MPI-ESM1-2-LR 10 Yes Yes

MRI-ESM2-0 1 Yes Yes

NESM3 2 Yes No

NorESM2-LM 3 Below Yes

NorESM2-MM 2 Below No

TaiESM1 1 Yes No

UKESM1-0-LL 6 Above No
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Figure C1. Comparable to main text Figure 4, but limited to models with assessed climate sensitivity within the “likely” range (Table C2).

Panel a: Spread in end-of-century (2080-2100) basin-averaged precipitation anomaly for (bars) the 5 members of the glacier model forcing

ensemble and (whiskers) the 44 members of the CMIP6 archive with data sufficient for SPEI. Panel b: Ensemble means of the same variable,

with the glacier model forcing ensemble mean on the x-axis and the CMIP6 ensemble mean on the y-axis; dashed black line shows 1:1

correspondence. Results are colored by basin glacier area fraction and shown in the same basin order as other figures.

Figure C2. Comparable to main text Figure 5, but limited to models with assessed climate sensitivity within the “likely” range (Table C2).

Panel a: Spread in end-of-century (2080-2100) basin-averaged temperature anomaly for (bars) the 5 members of the glacier model forcing

ensemble and (whiskers) the 44 members of the CMIP6 archive with data sufficient for SPEI. Panel b: Ensemble means of the same variable,

with the glacier model forcing ensemble mean on the x-axis and the CMIP6 ensemble mean on the y-axis; dashed black line shows 1:1

correspondence. Results are colored by basin glacier area fraction and shown in the same basin order as other figures.
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Appendix D: Per-basin comparison with CMIP6 archive355
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Figure D1. Change in precipitation over the 21st century, forced by SSP2-4.5, for an ensemble of 123 CMIP6 simulations (grey lines)

compared with the 11-member ensemble used to force the glacier models (blue lines). Changes are expressed as percent change with respect

to a 2000-2020 baseline.
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Figure D2. Change in temperature over the 21st century, forced by SSP2-4.5, for an ensemble of 123 CMIP6 simulations (grey lines)

compared with the 11-member ensemble used to force the glacier models (blue lines). Changes are temperature anomaly (K) from a 2000-

2020 baseline.
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