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Identification of local water resource vulnerability
to rapid deglaciation in Alberta

Sam Anderson® 22 and Valentina Radié¢

Global glacier retreat driven by climate change will have major impacts on regional water availability, as many communities rely
on glacier runoff for water supply during warm and dry seasons. A community whose water resources are potentially vulnerable
is one that sources water from a glacier-fed river where that river is expected to substantially change if glacier contributions
become negligible. However, regional assessments identifying which communities' water resources are most vulnerable to
such changes are lacking. Here we use observed streamflow measurements, gridded climate data and a database of municipal
water sources for communities in Alberta, Canada, to identify the relative importance of glacier runoff at the local scale. In a
scenario of negligible glacier runoff, we predict unprecedented streamflow lows at several communities. This approach pro-
vides a methodology to identify communities whose water resources may be vulnerable to glacier retreat and would benefit

from more-focused research.

nities around the world'-°. In North America, the coming

decades will see rapid and unprecedented changes to gla-
ciers; notably, current models predict that western Canada will lose
70-90% of glacier ice volume by 21007%. Glacier-melt models typi-
cally either are detailed analyses of a single or few glaciers’'" (rely-
ing on dense observational data, which is unavailable in many basins
of interest) or are generalized at larger spatial scales>>'*"' (facing
data-availability challenges). Neither approach answers the question
of how glacier-fed rivers are different from non-glacier-fed rivers in
the same region. If glacier-melt contributions to streamflow were to
become negligible, which communities would experience a change
in drinking-water supply? Regional- or global-scale analyses of gla-
cier contributions to streamflow imply that the loss of glacier ice
will impact water supply at communities>®; however, to our knowl-
edge, no regional scale study explicitly identifies all communities
that source water from glacier-fed rivers in the study region and
assesses how streamflow is projected to change at these locations.
Furthermore, recent studies that address global or regional freshwa-
ter stress seldom consider glacier contributions to streamflow and
the unique challenges facing these communities'’~*". Policymakers
require detailed analyses on a subregional scale to understand
the range of outcomes that face communities within the same
political jurisdiction.

Our goal is to identify which communities’ water resources are
vulnerable to glacier retreat by assessing observed characteristic
streamflow patterns and municipal water sources within the whole
region. We do not assess the ability of these communities to adapt
to changes in water supply; rather, we aim to bridge the current
knowledge gap that exists between regional- or global-scale glacier
models (which have high uncertainties on the local scale) and the
local-scale projections of streamflow that are needed for policymak-
ers to develop adaptive strategies. If glacier runoff is an important
constituent of streamflow, then it should be possible to identify fin-
gerprints of glacier runoff by analysing streamflow time series and
comparing the characteristic behaviour of glacier-fed rivers to that
of non-glacier-fed rivers in the same region. We have developed a
method for analysing multivariate and multidisciplinary data in a

( i lacier runoff provides a portion of water supply for commu-

case study of Alberta, Canada. This method, which combines prin-
cipal component analysis (PCA), clustering and multivariate linear
regression (MLR), is flexible by design to be applicable to other
glaciated regions. This method identifies the variables that should
be predicted (PCA), visualizes their variability in space and time
(clustering) and then predicts the key variables (MLR). The analy-
sis framework is not restricted to the specific locations, variables
or time periods presented in this case study, nor is it restricted to
specific outcomes of each step in the analysis (for example, number
of clusters chosen).

Alberta has a population of over 4 million people, with lowlands
that experience a semi-arid climate in the rain shadow of the Rocky
Mountains®. Alberta is the westernmost of the agriculturally pro-
ductive Canadian Prairie provinces, characterized by the Rocky
Mountains along the southwest border, boreal forests in the north
and grassland in the southeast”. In lower elevation regions out-
side of the Rocky Mountains, mean yearly temperature varies from
—3°C in the north to 6°C in the southeast, while mean cumulative
precipitation varies from approximately 350 mmyr in the south-
east to over 500 mm yr in the northeast*. Mean cumulative precip-
itation is much greater in the Rocky Mountains, and although data
are more sparse at high elevations, where studies exist it has been
measured to exceed 1,600 mmyr (refs. *>*°). Most major rivers are
partially glaciated, including the Athabasca, Peace, and North and
South Saskatchewan, and these rivers are used for municipal water
supply, irrigation and hydropower generation’>”’. While Alberta
is sensitive to drought®, glacier runoff (which peaks in summer)
provides contributions to summer streamflow even after seasonal
snowpacks melt'>'>%,

We use daily discharge data of 194 stream gauge stations that
are upstream of dams and have data from 1987 to 2010. Historical
streamflow data were obtained through Environment Canada’s
HYDAT database (see Methods). We use daily near-surface air tem-
perature, precipitation and evaporation from ERA-Interim reanaly-
sis*’. Glacier locations and areas are extracted from the Randolph
Glacier Inventory v.6.0”. To our knowledge, no unified database
exists that describes the drinking-water source of communities
in Alberta (cities, villages, towns and hamlets), so we collect this
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Fig. 1| Study region of the province of Alberta, Canada. a, Location of Alberta in Canada. b, Locations of glaciers and stream gauges in Alberta. The
shading corresponds to elevation. ¢, Locations of municipalities, rivers and dams along glacier-fed rivers. The colours of municipalities that source water
from glacier-fed rivers correspond to the colours of the glacier-fed rivers from which they intake water supply. Rivers generally flow in an east or northeast
direction due to the topographic gradient from the Rockies to the Prairies. Only glaciers in Alberta are plotted in b and c.

data for 567 communities from municipal websites and through
directly contacting municipalities or utility providers. We classify
the municipal water source as being from a glacier-fed river, from
a non-glacier-fed river, from groundwater or from another source
(such as a lake or a combination of sources). The locations of com-
munities, stream gauges, glaciers and glacier-fed rivers are shown
in Fig. 1.

Our method consists of the following key steps: (1) identifying
signatures of glacier runoff, (2) predicting the spatial distribution
of the main modes of inter-annual August streamflow for both
glacier-fed and non-glacier-fed rivers and (3) quantifying differ-
ences in predicted August streamflow of glacier-fed municipal
water intake locations between scenarios with and without glaciers
in the watershed. August is investigated because relative to the rest
of the year, it has high glacier contributions>***, low snowmelt con-
tributions” and high municipal water demand*®. Details of each
step are provided in the Methods, and here we present the main
findings of each step.

934

In step (1), we aim to find how August streamflow is different
in glacier-fed rivers as compared with non-glacier-fed rivers in the
region. We perform PCA on normalized and smoothed time series
of August streamflow for the 194 stations and 24 years of observa-
tions (1987-2010). PCA reduces the dimensionality of the problem
by finding linearly independent modes of variability that span the
input variable space, under the condition that each mode describes
the maximum possible amount of variance across the observations.
We find that the first two modes (Fig. 2a) describe 98% of the total
variance (Supplementary Fig. 1). The first mode describes 88% of
the total variance. Principal components of the first mode (PC,) are
highly positively correlated with mean-normalized August stream-
flow across all stations and years (Supplementary Fig. 2a), meaning
that high PC, values correspond to high mean-normalized August
streamflow. Then, we use self-organizing maps (SOMs)’' to cluster
stream gauges on the basis of their similarity in a three-dimensional
space set by PC,, PC, and time; in other words, we group the stream
gauges according to how similarly their key August streamflow

NATURE CLIMATE CHANGE | VOL 10 | OCTOBER 2020 | 933-938 | www.nature.com/natureclimatechange


http://www.nature.com/natureclimatechange

NATURE CLIMATE CHANGE ARTICLES

SOM with clusters in PC space

August streamflow modes

N —— Mode 1
N - — Mode 2

Normalized streamflow

Day of August

Streamflow clusters

60° N

58° N

56° N

Latitude
198N

54°N |-

52°N r

Longitude

Cluster no. 2

Cluster no. 6

Fig. 2 | Results of PCA and clustering with SOM, showing the first two eigenvectors, the clusters in space and the SOM with clusters in PC space.

a, Eigenvectors of the first two modes of August streamflow. b, The locations of stream gauges coloured according to the cluster to which they belong,

as a result of the SOM clustering analysis. Glacier-fed rivers have unique behaviour, demonstrated by light-green stations (cluster no. 3). There is spatial
coherence among non-glacier-fed rivers (all other clusters), indicating that nearby non-glacier-fed rivers have similar PC, and PC, time series. ¢, The final

3% 2 SOM. The coloured hexagons are the clusters on the SOM, and the coloured data points are the pattern in PC space of each cluster. Coloured circles
represent the data points associated with the given cluster, while uncoloured triangles show all other data points. These six clusters are characterized more
generally into three groups, each marked by a thick-line border in the SOM. First, clusters no. 1and no. 4 primarily occur in the grasslands and parklands
natural regions and are characterized by having consistently low PC, values, meaning that mean August streamflow is consistently low relative to annual
discharge. Next, cluster no. 3 occurs downstream of natural reservoirs (glaciers and lakes) and is characterized by having consistently high PC, values,
meaning that mean August streamflow is consistently large relative to annual discharge. Finally, clusters no. 2, no. 5 and no. 6 primarily occur in the boreal
forest, foothills and non-glaciated parts of the Rocky Mountain natural regions and are all characterized by having a large range of PC, values, meaning that
mean August streamflow is highly variable relative to annual discharge; in other words, in some years August is a substantial part of annual streamflow,

while other years it is not.

patterns fluctuate in time (Fig. 2b,c). We find that glacier-fed riv-
ers (cluster no. 3) are regionally unique, being characterized by
relatively high PC, and low inter-annual variability of PC,, meaning
that mean August streamflow is consistently high relative to yearly
discharge. By contrast, we find that for non-glacier-fed rivers, the
mean of PC, (P_Cl) is positively correlated with the standard devia-
tion of PC, (0pc,;). This indicates that in non-glacier-fed rivers, mean
August streamflow can be high on average compared with yearly
discharge, but at the cost of high year-to-year variability. The rela-
tionship between PC; and 6, for glacier-fed and non-glacier-fed
rivers is shown in Fig. 3a.

In step (2), we aim to predict the leading mode of streamflow
for both glacier-fed and non-glacier-fed rivers. Rather than pre-
dict PC, for each year, our goal is to model its mean (PC;) and its

standard deviation (o,¢;) over the whole period, from which we can
reconstruct statistical distributions of streamflow. More-detailed
derivations of these models are presented in the Methods, and
here we review the main results. We find that PC, and o, can
be successfully predicted (R*=0.64 and R*=0.59, respectively) for
non-glacier-fed rivers using MLR models with the following set of
predictors averaged over the whole period: mean annual tempera-
ture (T, in K), mean June, July and August (JJA) temperature (T,
in K), mean JJA precipitation (P, in mm), mean JJA evaporation
(Ejjs in metre water equivalent (m.w.e.)), stream gauge elevation (h
in m above sea level (a.s.l.)) and the logarithm of the ratio of mini-
mum seasonal flow to maximum seasonal flow. Spatial distributions
of these predictors are shown in Supplementary Fig. 3. By contrast,
these MLR models poorly predict PC; and 6y, for glacier-fed rivers
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Fig. 3 | The results of the regression models and the projected streamflow at the identified vulnerable communities. a, o, versus PC;, coloured
according to the clusters in Fig. 2. Increasing PC; is accompanied by increasing o, in all clusters except cluster no. 3. b, The results of the MLR models
that predict PC; and 6,c,. The models reproduce the positive relationship between PC; and 6,c,. PC; and o, of glacier-fed rivers in this plot (cluster no.
3) describe the projected summer streamflow if glacier runoff was negligible. ¢, PC; versus percentage glaciation for glacier-fed rivers. Error bars are oy,
(n=24). PC; values increase with percentage glaciation of a basin. d, Normalized August streamflow probability distributions for the Bighorn Dam, Lake
Louise and Hinton. All curves are normalized to have unity area. Solid curves are modelled estimates of the historical streamflow at community intake
locations, and dashed curves are modelled estimates of future streamflow at community intake locations if glacier runoff becomes negligible and other

factors remain constant.

(R*=0.26 and R*=0.01, respectively). We hypothesize that this poor
performance is because streamflow is instead driven by glacier run-
off, the driving processes of which are not well captured by the com-
paratively low-resolution climate reanalysis data. Following a set of
tests for optimal predictors (see Methods), we find that the leading
mode is best predicted by an ordinary linear regression model with
the logarithm of percentage glaciation as a predictor (R*=0.70 for
PC;; Fig. 3c). Overall, the analysis reveals that all non-glacier-fed
rivers behave in a similar way to each other (with positively cor-
related PC; and 6,¢,, which can be predicted with MLR models)
while glacier-fed rivers have starkly unique behaviour (which can
be predicted by the percentage glaciation). We hypothesize that if
glacier runoff were to become negligible, glacier-fed rivers would
behave similarly to non-glacier-fed rivers, and their future stream-
flow behaviour could be predicted by the MLR models.

In step (3), we use this hypothesis to identify local-scale water
resource vulnerability by predicting streamflow in glacier-fed rivers
at the locations of community water intakes when glaciers no lon-
ger dominate the streamflow signal. We consider only how stream-
flow will be different if glacier contributions are negligible, and do
not consider how other changes to climate may change streamflow.
We focus on communities that source water from glacier-fed riv-
ers (Fig. 1c). We reconstruct their normalized August streamflow

936

for two cases. In the first case, representing the present state with
glaciers in the basins, PC, is modelled with the ordinary linear
regression model using the logarithm of percentage glacierization
as the predictor. In the second case, representing no glaciers in the
basins, PC, is modelled with the MLR models, which work well for
non-glacier-fed rivers in the region. Normalized streamflow for
both scenarios is then reconstructed from the modelled PC, values.
Communities with the most-vulnerable water resources are taken to
be those that have the largest difference in mean August discharge
between the two scenarios.

The results revealed four locations where water resources are
most vulnerable if glacier contributions become negligible: the ham-
let of Lake Louise, the Bighorn Dam, the town of Rocky Mountain
House (downstream of the Bighorn Dam) and the town of Hinton.
These locations indicate diverse stakeholders: Lake Louise as part
of the Canadian Rocky Mountain Parks UNESCO World Heritage
Site; the Bighorn Dam as the largest reservoir in Alberta, which over
one million people depend on; and Hinton and Rocky Mountain
House, communities of fewer than ten thousand people each. The
Bighorn Dam will experience the largest decrease in mean August
flow, with a future mean flow that is without historical precedent;
however, the variability of flow is not projected to substantially
change. By contrast, Hinton is projected to have the smallest change
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in mean August flow but a comparatively large increase in variabil-
ity. Lake Louise is projected to experience a decrease in mean flow
and an increase in flow variability that are between those projected
for the Bighorn Dam and Hinton. In all cases, days that are below
average flow in the future are without historical precedent (Fig. 3d).

We highlight that some mountain communities, markedly Jasper
and Banff (shown in Fig. 1c), are situated along glacier-fed rivers but
source municipal water from deep underground aquifers. In fact,
there are eight communities in total whose water supplies would be
vulnerable if they sourced water from a nearby glacier-fed river, but
instead they source their water supply from groundwater, shielding
them from the effects of glacier retreat in the short term. This result
confirms that municipal water source data are important for under-
standing water resource vulnerability in the region.

Our framework has several key advantages over previous studies.
First, our approach starts with streamflow observations and detects
the importance of glacier runoff, while well-established approaches
in glaciohydrological research start by assessing the inflow processes
such as snowmelt and glacier runoff and then validate modelled
streamflow against available observations. By doing this inverse
approach, we aim to circumvent the problem of limited glacier
mass-balance, snowmelt and weather data in mountainous terrain.
Second, we highlight the intra-basin heterogeneity of streamflow
patterns in glaciated basins and demonstrate that a majority of a
basin can remain unperturbed by the loss of glacier ice while acute
vulnerable locations can exist in the upper reaches. Huss and Hock
used a temperature-index-based melt model to project changes in
glacier runoff and the relative importance of glacier runoff to 56
large-scale glacierized drainage basins around the world®. They con-
cluded that the Nelson River basin in Alberta has negligible glacier
impact; however, this basin-wide approach neglects the acute local
impacts that will occur in the upper reaches of the basin (at the
Bighorn Dam, identified by our method). Third, we highlight that
knowing the water source of communities is key to understanding
regional vulnerability to glacier retreat. Naz et al. used glaciohydro-
logical models to study glacier contributions to streamflow in the
Bow River at Lake Louise'. They concluded that glacier retreat will
have important implications for water availability on both local and
regional scales. Including municipal water source data, however,
revealed that glacier retreat in the headwaters of the Bow River will
have important implications for municipal water availability at the
hamlet of Lake Louise but may not have important implications for
municipal water availability impacts on a regional scale.

It is challenging to calibrate glacier melt models in a region with
limited mass-balance observations, such as in western Canada. For
example, Clarke et al. noted that simplified degree-day melt models
are used in part because there is “insufficient knowledge to justify
anything more complex™. In addition, there are longstanding chal-
lenges in hydrological modelling, such as equifinality and the incor-
poration of complex but poorly represented processes such as lateral
groundwater flow”. Our method is advantageous as it circumvents
these challenges. The method alone, however, is not designed
to quantify the rate at which streamflow dynamics are expected
to change. We suggest that our approach be used to complement
modelling studies in two ways: first, the identified glacier runoff
signatures in streamflow can serve as reference data for model vali-
dation, and second, local-scale municipal water source data should
be incorporated to understand the actual vulnerability of human
populations to glacier retreat. Future research should investigate
community resilience (for example, coping and adaptive capacity)
to water resource vulnerability.

We chose to regress onto the mean PCs of the first PCA mode
and not a more physical quantity, such as mean August stream-
flow, in part because PCA modes form a linearly independent basis
from which we can reconstruct streamflow. To test how sensitive
our results are to this choice, we also regress onto mean-normalized
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August streamflow instead of PC,. This test leads to the same
key conclusions and findings as derived with the original regres-
sion (Fig. 3): first, that glacier-fed stations have uniquely high
mean-normalized flow with relatively low year-to-year variability;
second, that mean-normalized August flow increases nonlinearly
with percentage glacierization; third, that the same locations are
identified as having the most-vulnerable water sources; and fourth,
that these locations face varying degrees of vulnerability in terms of
a reduction of mean flow and an increase in year-to-year variabil-
ity. These conclusions are consistent between the two approaches
because the PCs of the first mode are highly correlated with
mean-normalized August discharge (Supplementary Fig. 2) and the
first PCA mode alone explains a sufficient amount of variance for
reconstruction (Supplementary Fig. 1). As these two PCA charac-
teristics may not be representative for other case studies, we recom-
mend the use of PCA modes rather than selected physical quantities
in the regression models.

We have designed a new way to quantify the importance of
glacial meltwater contributions to each river in Alberta, and we
provide locally resolved projections of streamflow to identify vul-
nerable water resources. We identify the most-vulnerable locations
in Alberta, including the Bighorn Dam, the largest reservoir in
the province, which over one million people depend on. We also
show that including local water source data plays a substantial role
in determining whether communities’ water resources are vulner-
able in glacierized basins. Our approach is transferable and rela-
tively simple, requiring streamflow and climate data across a region,
and can serve as a template for studies wherever people depend on
glacier-fed water sources, such as the Andes, Alps and Himalayas.
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Methods

Data and pre-processing. Historical streamflow was extracted from the
Environment and Climate Change Canada Historical Hydrometric Data (HYDAT)
website on September 19, 2018 (https://wateroffice.ec.gc.ca/mainmenu/historical
data_index_e.html). There are 194 stations that have data from 1987 to 2010 and
are upstream of dams. Of these, 18 are glacier fed; the rest are non-glacierized
catchments sourced in the Rocky Mountains, are tributaries or larger river stems,
or are sourced at non-glacier-fed lakes.

The normalization process is shown in Supplementary Fig. 4 and is described
here. Each year of daily streamflow is normalized at each station by subtracting that
year’s mean, dividing by that year’s standard deviation, and smoothing each year
using a 30-day running mean. ‘Year’ refers to calendar year (January 1 to December
31). Under this scheme, values of normalized streamflow indicate how substantial
each 30-day window of streamflow is as compared with the year’s average flow at that
station. We then only use days in August from the smoothed normalized streamflow
dataset; however, because we use a 30-day window for smoothing, ‘August’ streamflow
comprises observation as early as July 17 and as late as September 14 each year.

Municipal water source data are collected for 567 communities in Alberta.

For communities that source water from a glacier-fed river, we also identify

where along the glacier-fed river they intake water. In many cases, a single water
treatment facility will pull water from a glacier-fed river, treat the water and then
distribute the water to multiple different communities. For these communities, the
water intake location is taken to be at the intake of the water treatment facility. This
is shown by the black lines in Fig. 1c that connect multiple glacier-fed communities
to the same point along a glacier-fed river. For communities that source water from
a glacier-fed river but are not part of one of these water distribution networks, we
assume that the water intake location is at the location on the glacier-fed river that
is closest to the community.

Municipal water source data were collected from various online sources such as
municipality websites, utility provider websites and regional freshwater reports or
by directly contacting municipal governments and utility providers. These data are
sometimes provided on subregional scales, such as for a particular subbasin or for
communities that all connect to the same water treatment and distribution plant;
however, to our knowledge, no provincial-wide inventory of these data exists. The
lack of a province-wide publicly available dataset was confirmed by the Alberta
WaterPortal Society (personal communication, S. Shane). Our collected water
supply data are made publicly available (https://doi.org/10.5281/zenodo.3266447).

Percentage glaciation at a location is defined as the total glacier area in the
basin divided by the area of the basin. Glacier areas and outlines are taken from
the Randolph Glacier Inventory v.6.0%". Glacier runoff pathways are calculated
using a D8 flow model”, starting from the lowest elevation point on the glacier.
Total glacier area upstream of a location is calculated by summing the areas of all
glaciers that have runoff routed through that location. Total basin area upstream
of a location is calculated by multiplying the flow accumulation (from the D8 flow
model) by the area of each grid cell. We use a 90 m digital elevation model from the
Shuttle Radar Topography Mission*.

We use daily 2-m air temperature (short name: t2’; parameter ID: 167), total
precipitation (short name: ‘tp’; parameter ID: 228) and evaporation (short name:

‘e’; parameter ID: 182) from ERA-Interim reanalysis*’, downloaded at 0.75°x 0.75°
spatial resolution.

PCA and SOM. In step (1) described in the main text, we apply PCA on the
normalized and smoothed time series of daily August streamflow for all 194
stations, finding the linearly independent modes that explain the maximum
amount of variability. In our case, there are 31 variables (31 days of normalized
streamflow values) and 4,656 observations (194 stream gauges, each with 24
years of August streamflow from 1987 to 2010). This means that there are 31
eigenvectors, each with length of 31. The first eigenvector explains the most
variance in the dataset, and the second eigenvector explains the second-most
variance in the dataset. The PCs of each mode have 4,656 points (one for each
observation) and represent how strongly weighted a particular mode is in each
observation. So for each stream gauge, the PC, time series has length 24, where
values describe how strongly weighted the first eigenvector is in each August;
PC, is the average PC, value over 1987-2010 for each station and represents how
strongly weighted the first eigenvector is in each August on average.

The eigenvectors of the first two modes are shown in Fig. 2a, and the
percentage of variance explained by each mode is shown in Supplementary Fig. 1.
The first mode is described in the main text. The second mode describes 10% of
the total variance, and its eigenvector shows a pattern that decreases monotonically
throughout the month. This pattern is related to the steepness of August flow,
indicating how fast the streamflow is changing over the month. PC, is highly
negatively correlated (correlation <—0.95) with the slope of a trendline of
normalized August streamflow (Supplementary Fig. 2b), meaning that high PC,
values correspond to streamflow that more rapidly decreases over August.

Next, we cluster the stream gauges, each represented by the following vectors:

vi(t) = PCK(1)i + PCS(1)j (1)
where vi (¢) is the vector of stream gauge k to be clustered, PC¥(¢) is the PC, time
series for stream gauge k, PCX () is the PC, time series for stream gauge k, and i and
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j are orthonormal unit vectors. All of v, (), PC¥(¢) and PCk(t) are dimensionless
and have size 24 X 1 since there are 24 years of observations.

We use SOMs™ to cluster the vectors vy () according to their similarity. SOMs
are a type of artificial neural network that uses unsupervised learning to cluster
the input data onto a two-dimensional map where similar clusters are placed
closer together, while dissimilar ones are placed further apart. Similar to other
clustering methods (for example, K-means, hierarchical clustering), the optimal
number of clusters (or size of SOM) is challenging to determine as there is no
universally applicable metric involved in the decision making”. Here, we build
upon the method of Unglert et al. to identify the optimal size of SOM™, and we use
a two-dimensional colourmap from Steiger et al””. We first map the input data to
a large SOM, with size (final number of clusters) calculated from the input dataset
length and the ratio of the two largest eigenvalues for the dataset™ (Supplementary
Fig. 5a). We perform PCA on the SOM patterns and build a topology defined as
the sum of the squares of the PCs of the first two modes (Supplementary Fig. 5b).
We determine the number of characteristic patterns to be the number of local
maxima and global minima on this topology. Nodes at local maxima are distinct
patterns that are reconstructed by the first two eigenvectors in unique ways, while
the node at the global minima represents the pattern that is captured the least by
the first two eigenvectors. The number of characteristic patterns and the ratio of
the two largest eigenvalues in the dataset is then used to compute the size of the
final SOM.

We note that the number of clusters chosen does not directly affect our final
results. We use clustering to learn that non-glacier-fed rivers have similar August
streamflow patterns as other nearby non-glacier-fed rivers, and that glacier-fed
rivers have unique August streamflow patterns as compared with other nearby
non-glacier-fed rivers. This result remains true when using a smaller (for
example, 3X 1 SOM) or larger (for example, 3 x 3 SOM) number of clusters
(Supplementary Fig. 6).

Regression models. We aim to predict the first PCA mode rather than a more
physical quantity (such as mean August streamflow) because (1) the first PCA
mode describes the maximum amount of variance within the dataset that

could be described by any one variable, and (2) in this case, the first mode

alone explains enough variance that it alone can be used to reconstruct August
streamflow. Instead of prescribing the features of importance, we use PCA to find
the characteristic features that can be used to reconstruct our original variables
(31 days of August streamflow), and now we aim to predict these characteristic
features.

To develop the MLR models, we aimed to select predictors that are physically
linked to the driving inflow and outflow processes of streamflow in the region:
rain, snowmelt, evaporation and groundwater flow. Here we briefly outline our
motivation for each predictor used.

e T, Colder regions may allow snow storage to persist through summer, while
warmer regions may not.

» P, Regions with high yearly precipitation may have large snowpacks
(which may provide water storage through summer), plenty of summer rain,
or both.

o Tj,: Regions with high summer temperatures may have less storage of water as
ice and snow.

o Py,: Summer precipitation is a key component of the summer water balance,
and we expect stations in wetter regions to have a higher mean flow.

e Ej,: Evaporation is a key outflow process of summer streamflow and even
exceeds precipitation in some parts of Alberta®.

o Log[Qn/Quay: The ratio of minimum seasonal flow to maximum seasonal
flow is a proxy for the importance of groundwater contributions that maintain
high flows in the dry season relative to the rest of the year (Supplementary Fig.
7). This ratio spans several orders of magnitude, and so we use the logarithm
of it.

o  Elevation: Higher elevations tend to receive more precipitation and have lower
temperatures, which allows for the generation of a larger snowpack that may
persist longer through the summer.

o Stream order and drainage area: Both are determinants of runoff, where
streams of higher order or with larger drainage area are expected to have more
runoff than lower-order streams or catchments with smaller area in the same
watershed”. As drainage areas in our dataset span several orders of magnitude,
we use the logarithm of drainage area as a potential predictor.

Each predictor is normalized to have zero mean and unity variance. We use
stepwise regression to determine the statistically significant predictors used in the
MLR models. We only keep predictors with p <0.01. We test for multicollinearity
by calculating variance inflation factors (VIF), and we keep predictors with
VIF <5. If two or more predictors do not meet this criterion, we remove the
predictor with the greatest VIF, and then recalculate until all predictors have
VIF<5.

We assess the robustness of the stepwise regression approach by using
an iterative bootstrapping method to select a random subset of stations for
calibration/validation. For each iteration, we make MLR models with all possible
combinations of predictors, and we calculate the best-performing model. We find
that the predictors that are most often used to make these best-performing models
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are those that were selected by stepwise regression. The final predictors are shown
in Supplementary Fig. 3 and Equations (2) and (3).
With the remaining predictors, we use a bootstrapping approach to
calculate regression coefficients. Distributions of MLR coefficients are shown in
Supplementary Fig. 8. The final MLR models used are as follows:
PCi = —0.34 — 0.60x Tyeor + 0.96x Pyjs + 0.87x Tjja

@)

+0.44x By +0.41 log, [2s ]

opc, = 2.49 + 0.52% Py +0.26x Eyja — 0.68x h + 0.42x log,, [g‘“‘“} (3)

max

Root mean squared errors between observed and modelled PC, and oy, are larger
by factors of nearly five and two, respectively, when comparing glacier-fed with
non-glacier-fed stations. Since the MLR models perform poorly for glacier-fed
stations, we analysed other potential drivers of spatial variability for these stations.
Under the hypothesis that glaciation is driving the unique PC, behaviour, but

with only a sparse amount of climatological data at the local (glacier) scale, we
consider three potential predictor variables that are available globally*’: the
hypsometric index* averaged over contributing glaciers in each basin, the median
glacier elevation averaged over contributing glaciers in each basin and the natural
logarithm of percentage glaciation of each basin. We find that only the logarithm of
percentage glaciation is significant (p <0.01) and use linear regression to make the
following model:

PC; = 11.58 + 1.74x In(G) (4)

where G is the percentage glaciation of a basin (between 0 and 1). This

ordinary linear regression model explains 70% of the variability in PC; for
glacier-fed stations (Fig. 3c). Due to worse performance of regression models for
estimating oy, and since oy, has a narrow range for glacier-fed rivers relative

to non-glacier-fed rivers (cluster no. 3 in Fig. 2b), we estimate oy, as the mean
standard deviation of PC, of all measured glacier-fed rivers.

As a sensitivity test, we rerun the analysis but regress onto mean (normalized)
August streamflow. This test leads to the same key conclusions as when we
regress onto PC; (Fig. 3 and Supplementary Fig. 9). However, there is a slight
difference in the interpretation of the final results. When regressing onto PC;,
the smoothed, normalized August streamflow is reconstructed by multiplying
PC, by the first eigenvector. Therefore, the probability density functions
(Fig. 3d) represent the probability that any day in the smoothed, normalized
August streamflow vector has that value of streamflow. When regressing onto
the mean-normalized streamflow directly, we are not reconstructing the entire
August vector; instead, we are estimating the mean, rather than each value in the
31-day vector. Therefore, the probability density functions (Supplementary
Fig. 9d) represent the probability that the mean-normalized August streamflow
has that value, not the probability that any day in the smoothed, normalized
August streamflow vector has that value.

Vulnerability assessment. We investigate risk for rivers that are sufficiently
glaciated as to expect glacier forcing to be substantial; here, we define ‘sufficiently
glaciated’ as basins that have a percentage glaciation greater than 1%, as all stations
above this glaciation are grouped in cluster no. 3 by the SOM. For these stations,
we predict PC; by the ordinary linear regression model.

We reconstruct streamflow using only the first mode as it describes 88% of
the total variance. For each location and each scenario (‘no glaciers in basin’ as
calculated by Equations (2) and (3), and ‘glaciers in basin’ as calculated by Equation
(4)), we have modelled values of PC; and oy,. We then iteratively reconstruct
streamflow, randomly selecting PC, values from a normalized distribution
determined by the modelled PC; and oy, We calculate normalized streamflow for
each iteration by:

Qi‘norm,i = PC}l,i xep + Qmean (5)

where Q... ; is the normalized streamflow of the i-th iteration at location j, PC} jis
the PC, value drawn during the i-th iteration from the PC, distribution modelled at
location j, e, is the eigenvector of the first mode, and Q,,,, is the mean streamflow
vector (length of 31) calculated across all stations and years. We iterate 10,000 times
for each location. We then calculate the probability distribution of normalized
August streamflow for each location by kernel density estimation, using
Gaussian kernels*'.

We calculate the difference between modelled mean streamflow (with the
MLR models) and observed mean streamflow for all non-glacier-fed stations. The
standard deviation of this difference (o,) is a measure of the error of the MLR
models. For communities that source water from a glacier-fed river (>1% glaciation),
we calculate the difference in normalized mean streamflow for the two scenarios
(AQ,). We consider the vulnerability to be significant when (A,T%“ >2 (that is, where
the predicted change in mean streamflow is more than twice the error from the MLR
model), and we find that the communities discussed in the main text have ﬁg‘ >3.

Uncertainty analysis. Uncertainty in the PCA analysis is tested by performing
PCA and clustering with SOM, but using only non-glacier-fed rivers. We find

the eigenvectors, eigenvalues and PCs to be very similar to how they appeared

in the analysis of all rivers: for example, the eigenvectors of the first mode have

a correlation of 0.98, and the eigenvectors of the second mode have a correlation
greater than 0.99. This indicates that the eigenvectors, eigenvalues and PCs
discussed in the preceding are not biased by the presence of glacier-fed rivers.
This also indicates that the features we find describe the behaviour of all rivers

in Alberta and do not only describe the difference between glacier-fed and
non-glacier-fed rivers. In this analysis of non-glacier-fed rivers, the SOM method
did not produce a cluster that had the characteristic streamflow features previously
found in glacier-fed rivers.

We also perform PCA and clustering with SOM, but only using non-nested
catchments. We again find the eigenvectors, eigenvalues and PCs to be very similar
to their equivalents in the analysis of all rivers, with the eigenvectors of the first
and second modes from non-nested streams having correlation >0.99 with the
eigenvectors from all streams. The SOM clusters again identify a glacier-fed cluster
that is characterized by consistently high PC, values, while non-glacier-fed rivers
have similar August streamflow patterns as other nearby non-glacier-fed rivers.

Like glaciers, lake systems also act as natural reservoirs. In Fig. 3¢, two stream
gauges are lightly glaciated (<0.3% glaciation) and do not belong to cluster no.

3 since they have comparatively low PC; values (indicating negligible glacier
contributions). Three stations are lightly glaciated (<0.3% glaciation), do belong to
cluster no. 3 and do have comparatively high PC; values, suggesting that high PC;
values can be achieved with negligible glacier contributions. However, these three
rivers are downstream of lake systems, and we suggest that lakes are the cause of
the anomalously high PC; values.

Data availability

All data are publicly available. ERA-Interim reanalysis is available from ECMWF*.
Glacier inventory is available from the RGI*. Topography is available from the
SRTM*. Streamflow is available from the Environment Canada HYDAT database™.
Municipal water source data, collected in this study, are available on Zenodo
(https://doi.org/10.5281/zenodo.3266447)*.

Code availability
Code to reproduce the main results in this study is available on GitHub (https://doi.
org/10.5281/zenodo.3742162)*.
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