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Rising temperatures drive lower summer minimum flows across hydrologically
diverse catchments in British Columbia
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Key Points:

e Summer low flows are highly sensitive to summer temperature and precipitation, with
winter storage historically playing a secondary role

e Regression models outperform process-based hydrologic models for minimum summer
flow prediction and enable valuable process understanding

e Precipitation variability historically drove low flows but rising temperatures are
responsible for recent declines in warmer catchments


mailto:sruzzante@uvic.ca)

14

15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34

35

36
37
38
39
40
41
42
43
44
45
46
47
48

49

50

o1
52
53

non-peer reviewed manuscript submitted to Water Resources Research

Abstract

Excessively low stream flows harm ecosystems and societies, so two key goals of low-flow
hydrology are to understand their drivers and to predict their severity and frequency. We show
that linear regressions can accomplish both goals across diverse catchments. We analyse 230
unregulated moderate to high relief catchments across rainfall-dominated, hybrid, snowmelt-
dominated, and glacial regimes in British Columbia, Canada, with drainage areas spanning 5
orders of magnitude from 0.5 to 55,000 km?2. Summer low flows are decreasing in rainfall-
dominated and hybrid catchments but have been stable in catchments that remain snowmelt or
glacial-dominated. However, we find that since 1950 approximately one third of snowmelt-
dominated catchments have transitioned to a hybrid rain-snow regime. The declines in rainfall-
dominated and hybrid catchments are dominantly driven by summer precipitation and
temperature, and only weakly influenced by winter storage. We apply this understanding to
create regression models that predict the minimum summer flow using monthly temperature and
precipitation data. These models outperform distributed process-based models for every common
goodness-of-fit metric; the performance improvement is mostly a result of abandoning the
requirement to simulate all parts of the annual hydrograph. Using these regression models we
reconstruct streamflow droughts and low flow anomalies from 1901-2022. We reproduce recent
drying trends in rainfall-dominated and hybrid catchments, but also show that present conditions
are comparable to those seen one hundred years ago. However, anomalously low flows last
century were caused by large precipitation deficits while current declines are driven by rising
summer temperatures despite near-normal precipitation.

Plain Language Summary

Late-summer streamflow in British Columbia, Canada, is essential for ecosystems and for water
resources. We used statistical techniques to analyse and model the annual minimum summer
flow in free-flowing streams across the province. We found that summer minimum flows across
the province have decreased (become drier) since mid-20™ century, particularly in warmer and
coastal watersheds where precipitation mainly falls as rain. Summer streamflow drought in
warmer watersheds is now more common and more severe than at any point since the early 20™
century. Summer minimum flows are mainly controlled by precipitation but also by high summer
temperatures, which increase evaporation and reduce water storage. Although there were dry
periods during the 20™ century, these were primarily caused by below-average rainfall, while
recent declines in summer minimum flows in warmer watersheds are primarily a result of hotter
summer temperatures. Summer flows in colder watersheds (where more precipitation falls as
snow) have been relatively stable since mid-century but these snow-dominated watersheds are
becoming less common.

1 Introduction

1.1 Environmental flows and streamflow drought

Preserving environmental flows, and especially low flows, is critical to maintaining healthy
riverine ecosystems and the societies that depend on them (Arthington et al., 2018; Bradford &
Heinonen, 2008). Living things, including humans, can be harmed when rivers have less water
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than normal: low flows that are significantly below the natural envelope of variability have been
shown to disrupt lifecycles of aquatic species and reduce biodiversity (Poff & Zimmerman,
2010), cause economic losses (Folkens et al., 2023), and disrupt cultural practices (Morgan,
2012; Tipa & Nelson, 2012). The more evocative term “streamflow drought” has also been
coined, presumably to attribute some gravity to a concept that is defined drily as a “sustained
period” of “below-normal river discharge” (Van Loon, 2015).

Climate change and human activity increasingly threaten environmental flows globally, resulting
in severe and probably irreparable harm to riverine ecosystems (Porkka et al., 2022; Richardson
et al., 2023; Virkki et al., 2022). Streamflow drought is driven by precipitation (P) and
temperature (T) anomalies: in a process called drought propagation, these anomalies cause
below-normal storage of groundwater, snow, and soil moisture, resulting in below-normal
discharge (Van Loon, 2015). Land use and water abstraction can also affect low flow occurrence
and severity (de Graaf et al., 2019; Guzha et al., 2018; Wada et al., 2016). Effective water
management requires an understanding of the relative importance of human and climate drivers
because land and water use can be managed at local scales, while climate change is a global
challenge. Within the category of climate drivers, it is important to distinguish precipitation and
temperature effects because climate model projections of temperature are considered highly
reliable, while projections of precipitation are less robust (Ukkola et al., 2020).

The province of British Columbia (BC) in so-called Canada is a microcosm of the water resource
challenges posed by low flows and the hydrologic uncertainties regarding their driving
mechanisms. The ecosystems and communities of BC have acutely felt the impacts of
streamflow drought. In the late summer and early fall, photographs of drying rivers and dead
salmon regularly make national and international news (Cecco, 2022; Hernandez, 2023), and
increasingly severe droughts are threatening Indigenous nations’ ways of life that have existed
for millennia_(First Nations Fisheries Council of British Columbia, 2020).

British Columbia is the colonial name for the westernmost province of Canada. In this
manuscript we use this name to refer to the extent of the study area (although the spatial unit of
analysis is watersheds). We acknowledge that colonial boundaries and names do not reflect the
traditional territories of the (at least) 194 distinct First Nations located within our study area
(British Columbia Assembly of First Nations, 2024), whose inherent rights to the land are
unceded and unsurrendered. Many Indigenous governments continue to assert and exercise their
jurisdiction over land and resource decisions within their traditional territories. Indigenous
communities throughout BC are acutely impacted by drought and other water-related disasters,
and are at the forefront of many environmental restoration and adaptation efforts (Cruickshank,
2023; First Nations Fisheries Council of British Columbia, 2020; Page, 2007; Teegee, 2023; The
Columbia River Salmon Reintroduction Initiative, 2023; Wood, 2021).

The public perception that summer low flows are getting lower in British Columbia is supported
by empirical evidence. Around the year 2000 various authors analysed streamflow data from the
Reference Hydrometric Basin Network and found that September, October, and annual minimum
flows had decreased in southern BC (Burn & Hag Elnur, 2002; YUE et al., 2003; X. Zhang et al.,
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in southern BC continued to decrease to 2008. However, these national studies provide little

decreasing in most glacierized basins in BC, particularly between 1976-1996, but trends were
inconsistent in non-glacierized basins, a pattern they attributed to glacial retreat. Other authors
have found mixed trends in regional studies with smaller samples of catchments (Anderson,
2016; Najafi et al., 2017; Rayne & Forest, 2011, 2012). There is a need for an updated
provincial-scale analysis of low flow trends that allows disaggregation by region and hydrologic
regime.

The provincial government enacted, in 2016, legislation declaring their authority to prohibit
water use for irrigation when streamflow falls below a critical threshold. This authority has been
exercised nine times from 2016 to 2023, alleviating ecosystem stress at the cost of economic
hardship for many farmers. Thus, debates about the drivers of low flows are politically charged:
is human water use really to blame, or are climate drivers more consequential? If climate is
responsible, are increasingly severe low flows primarily driven by rising temperatures (which
will almost certainly continue to rise) or changing precipitation patterns (which may continue, or
reverse, or stabilize)?

Unfortunately, in BC as in many parts of the world, there is a shortage of scientific evidence to
answer these questions. Assessments of low flow drivers have usually been limited to a small
number of catchments and, as we find in Section 3.2, may have placed outsized importance on
the role of winter snow storage. Thus, there is a need to investigate the widely-held view that
streamflow drought is becoming more common across the province, and if so, why.

1.2 Limitations of hydrologic models

Hydrologic models often produce unsatisfactory low flow simulations and forecasts (Newman,
2014; Kim et al, 2021; Nicolle et al., 2014; Collins, 2020). One reason for these inaccuracies is
that models are usually calibrated to all parts of the annual hydrograph. Low-flow generating
mechanisms can differ from those that generate high and medium flows (Smakhtin, 2001), so
parameters that are calibrated to reproduce high and medium flows may not accurately reflect
hydrologic conditions nor accurately reproduce low flows (Cenobio-Cruz et al, 2023). In
addition, since low flows are usually less variable than medium and high flows, low flows exert
less influence on model calibration.

Various flow transforms can be used to force models to prioritize low flow estimation, but
estimation of yearly minimum flows, or zero-flow days, remains challenging. For example, Aryal
et al (2020) achieved a median modified Kling-Gupta Efficiency of 0.5 and a median Nash-
Sutcliffe Efficiency of about 0.35 for the prediction of zero-flow days in 595 Australian
catchments. Using 9 hydrologic models in 10 major river basins worldwide, Huang et al., (2017)
found percent bias values from -675% to 98% (median absolute value of 48%) for the flow
duration curve low-segment volume and -83% to 1067% (median absolute value of 38%) for the
10 and 30-year low flow levels.
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Studies in the Pacific Northwest region show the same limitations. Whitfield et al., (2003)
modelled six watersheds around the Salish Sea (southwestern BC), and found that models
produced biased 7-day low flow estimates for pluvial (rain-dominated) catchments. Various
authors have used a distributed hydrological model (Variable Infiltration Capacity, or VIC) to
model climate impacts in the Fraser River Basin, but found that simulated low flows were
systematically lower than measured flows (Islam et al., 2017; Kang et al., 2016; Shrestha et al.,
2012). We will return to these VIC simulations in Section 3.3. No comprehensive analysis of
summer low flows across BC has been published.

1.3 Low flow drivers

We consider six climatic mechanisms that may influence summer low flows in BC, derived from
previous work on low flows and streamflow drought (Smakhtin, 2001; Van Loon, 2015). We
group these six mechanisms into three categories of driver: a) below-normal winter storage,
which includes groundwater and snowmelt drought b) accelerated summer hydrograph recession,
which includes rainfall deficits and storage depletion driven by evapotranspiration (ET), and c)
short-term anomalies caused by temperature fluctuation, which include transmission losses and
glacier melt drought. These mechanisms are listed in Table 1.

Which mechanisms are most important? In 2005, Barnett et al. published a widely-cited article
showing that warming temperatures would induce snowmelt drought and decrease summer water
availability across much of the northern hemisphere. It was thought that potential effects of
warming on ET were small because actual evapotranspiration (related to temperature) is often
much less than potential evapotranspiration in catchments that become water-limited in the
summer. Much research over the last two decades has been focused on the effects of declining
snowpack (Adam et al., 2009; Diffenbaugh et al., 2015; Godsey et al., 2014) and in the Pacific
Northwest region (Ban et al., 2023; Chang et al., 2012; Clifton et al., 2018; J. R. Dierauer et al.,
2018, 2021; Hale et al., 2023; Safeeq et al., 2014).

More recently, however, researchers have identified that, in some regions, summer ET may also
be driving streamflow droughts. Teuling et al. (2013) showed that summer ET was amplifying
European droughts; Woodhouse et al. (2016) and Udall and Overpeck (2017), working
independently and using different methods, showed that air temperature is increasingly a driver
of drought in the Colorado River basin. Floriancic ef al. (2020) found that summer ET and
precipitation controlled drought occurrence, and that winter snow storage had only minor effects
on warm-season low flows in Switzerland. Then Brunner et al. (2021) and Floriancic et al.
(2021) analysed catchments across the United States and Europe and both found that the
importance of temperature as a driver of low flows was increasing or likely to increase in many
places. However, Brunner et al. found that the effect of summer temperature was increasing in
the Pacific Northwest, while Floriancic et al. argued that summer temperature was not a driver in
this region. Boeing et al. (2024) found that increasing evapotranspiration has contributed to
water storage deficits in Germany over recent decades.

Regional studies focused on the Pacific Northwest do not resolve this inconsistency. Kormos et
al. (2016) found that low flows in the Pacific Northwest were more sensitive to precipitation than
to temperature. Cooper et al. (2018) found the opposite: that low flows in the western US are
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more sensitive to ET than to precipitation, but that sensitivity to both climate variables decreases
towards the northern end of their study range. Georgiadis and Baker (2023) argued that both
temperature and precipitation exert important controls on low flows in the Puget Sound.

In addition to climatic drivers, water and land use can alter low flows. In some watersheds,
surface and groundwater use substantially reduces low flow discharge. The main land use and
land cover disturbance throughout most of British Columbia is forest harvesting, which has been
observed to both increase and decrease warm-season low flows (R. D. (Dan) Moore et al., 2020).
Coble et al. (2020) reviewed 25 small catchment studies in the Pacific Northwest and found that
there tends to be an increase in low flows following harvesting, sometimes followed by low
flows similar to pre-harvest conditions, and then low flows below pre-harvest conditions.
However, they also reviewed 19 large-catchment studies from around the world and found that
catchments in British Columbia and did not find consistent increases or decreases in summer
flows.

With this study we aim to improve the understanding and prediction of low flows in a well-
gauged but understudied region, and in so doing develop novel approaches that can be applied in
other regions. Our first objective is to quantify the drivers of low flows in diverse hydroclimatic
regimes and whether these drivers are changing over time (Section 3.2). This will contribute to
the debate about the importance of winter storage, summer ET, and summer precipitation as
drivers of low flows. Second, we aim to extend the statistical analysis of drivers to create
predictive regression models, enabling the reconstruction of low flows since 1901 (Sections 3.3
and 3.4). This modeling strategy will be of interest to the hydrologic modelling community, as it
demonstrates a data-driven approach that improves the simulation of low flows by avoiding
many of the challenges posed by traditional process-based hydrologic models, while also
providing valuable process understanding by attributing low-flow trends to climate drivers. Our
final objective is to apply these methods to produce locally-relevant information about low flow
trends and drivers for British Columbia. These results will be of interest to a local audience as
well as researchers focused on similar hydrologic environments.

2 Data and methods

2.1 Study Location

British Columbia occupies an area of almost 1 million km? on the western coast of Canada
between 48.3° and 60° latitude. The province is endowed with a rich climatic diversity, ranging
from Mediterranean climates in the southwest of the province (southern Vancouver Island) to
polar climates at high elevations, with cold arid steppe climates in parts of the Interior (Beck et
al., 2018). The geography is dominated by mountains, which rise up to 4653 metres above the
Pacific.

We focus on the part of the province west of the continental divide (approximately 663,000 km?,
roughly the size of Myanmar, or 20% larger than metropolitan France). This excludes the
northeast of the province, where most precipitation falls in the summer months, leading to high
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flows in the summer. Also, since one of the chief concerns regarding low flows in British
Columbia is the threat to Pacific salmon spawning habitat, it makes sense to focus on the Pacific
drainage basin.

2.2 Catchments

We examine records from 230 hydrometric stations in British Columbia, maintained by the Water
Survey of Canada. Of the 2235 operational and discontinued stations in British Columbia that
measure Pacific-draining streams, 1477 measure unregulated flows. We filter these records for
data completeness and recency criteria: at least 20 years of data (from August to October), at
least 1 year of continuous year-round operation, and a data record not ending before January 1,
2000. 240 stations met the completeness and recency criteria. We then removed 8 intermittent
streams, which recorded a zero flow in more than one year, and 2 streams for which urban land
use accounted for more than 20% of the catchment area.

We designed an algorithm to classify the catchments as rainfall-dominated, snowmelt-dominated,
hybrid, or glacial regimes based on average annual hydrographs for the years 1991-2020.
Rainfall regimes are those with a single low flow period in late summer, snowmelt regimes are
those with a single low flow period in late winter, while hybrid regimes show two distinct low
flow periods (Fleming et al., 2007; Wade et al., 2001). The algorithm to identify flow minima is
described in Appendix A. Glacial regimes are those where glaciers occupied more than 5% of the
catchment area, which is a threshold used by previous researchers to identify basins most
affected by glacial processes (Brighenti et al., 2023; R. D. Moore et al., 2020; Stahl & Moore,
2006).

Figure 1, panel A shows the catchment classification based on data from 1991-2020. Example
annual hydrographs for each regime are shown in panel B. There are 28 rainfall, 79 hybrid, 89
snowmelt, and 34 glacial catchments.

Although the classification used throughout this paper is static in time, we found that many
formerly snowmelt-dominated catchments have transitioned to a hybrid regime. We ran our
classification algorithm on data from 30-year intervals between 1951 to 2022 (see Appendix A
for details). 112 stations had enough data in each interval to run the algorithm (at least 10 years
or glacial cover >5%). Of 56 stations classified as snowmelt-dominated in 1951, 18 transitioned
to a hybrid regime by 2022, more than doubling membership in the hybrid regime. Four formerly
glacial catchments lost enough glacial cover to be reclassified as snowmelt-dominated. Overall
the combined membership in the snowmelt-dominated and glacial regimes fell from 82% to 66%
of the 112 catchments. Appendix A provides more detail on the regime classifications through
time.

Throughout the rest of the paper, the regimes correspond the period 1991-2020 (Figure 1 panel
A).



251

252
253
254
255
256
257
258

259

260
261
262
263
264

265
266
267
268
269

non-peer reviewed manuscript submitted to Water Resources Research

regime
O Rainfall (28)
B Hybrid (79) bt
] Snowmelt (89) .
[ Glacial (34)

:{: Study Area

Northeast British Columbia

Alaska (n USA) (Arctic Ocean
; Drainage Basin)

Q (mm/day)

3.0

Pacific Ocean
1.0

0.3 -
JFMAMJ JASONDJ

Date
= regime
. Rainfall
56 53 52 46 46 Hybrid
43 43
Snowfall
. Glacial
35 35 35 35 34 33 31
1951- 1961- 1971- 1981- 1991- 2001- 2011-
1980 1990 2000 2010 2020 2022 2022

Figure 1: A: Regime classification for catchments in our sample, for 1991-2020. Circles represent catchments of
less than 200 km?. B: Example hydrographs are shown for four catchments. San Juan River Near Port Renfrew
(rainfall-dominated, gauge ID 08HA010), Moyie River at Eastport (hybrid, gauge ID 08NH006), Stuart River near
Fort St James (snowmelt-dominated, gauge ID 08JE001) and Atlin River Near Atlin (glacial, gauge ID 094A4006).
The thick black line in each graph is the 30-day mean flow, averaged across all years. Areas outside of study are
shown in grey. C: The evolution of catchment classification since 1951, for 112 catchments with enough data to
classify the regime in each interval.

2.3 Definitions

We define the warm season as the snow-free season, based on the monthly average snow-water-
equivalent (SWE) for the period 1991-2020, using data from the ERA-5 Reanalysis (Mufioz
Sabater, 2019). We include months with a catchment-average SWE of less than 1 mm. For
catchments with perennial snow or ice cover we defined the warm season as months for which
SWE is within the bottom 10% of the annual range.

We define the low-flow month based on the timing of the minimum warm-season flow on the
average annual hydrograph of 30-day mean discharge. This minimum is also constrained to
occur after the spring freshet. We define the low-flow season as the low-flow month plus the
month before and the month after, if the neighboring months are within the previously defined
warm season.
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The 7-day flow, Q7 is the 7-day running mean of discharge. The 7-day low flow, Q7min, is the
minimum value of Q7, and can be defined for each month or for the entire low-flow season (the
‘overall’ low flow).

2.4 Historical Trends

First, we analyze historical trends in low flows. We analyze overall low flows as well as low
flows for July, August, September and October separately. We use Sen’s slope on the log-
transformed values, 10g(Q7min), from 1950-2022. Using the logarithm allows the estimated trend
coefficient b to be interpreted as a percentage change per decade:

%A1 = (exp(10 X b) — 1) x 100% (1)

We assess significance at p<0.05 using the modified Mann-Kendall trend test for autocorrelated
data (Hamed & Ramachandra Rao, 1998), implemented in R by Patakamuri and O’Brien (2021).

2.5 Climate and Anthropogenic Drivers

We assess stream sensitivity to the mechanisms discussed in Section 1.3 using several ancillary
datasets. For each catchment, we create a linear regression model with 10g(Q7min) as the
dependent variable (Equation 2). All variables are standardized to mean 0 and unit variance.

log(Q7min) ~BlSI/VEmax + BZBFwinter + B3Psummer + ﬁél-Tsummer + ,35T7 (2)
+ BeAbstraction + B,ECA; + BgECA,y;

P are the standardized regression coefficients and the independent variables are defined in

Table 1. For gridded datasets (SWE, P, T, ECA1, and ECAm) we took the arithmetic average of
all grid cells within each catchment. For Abstraction data we took the sum of values for all points
of use within each catchment. The regression models are fit using all years with streamflow data
from 1950-2020, which is the common subperiod for which all the ancillary datasets (Table 1)
are available.

Since the objective here is to test a theory, we fit the regression models using forced
simultaneous entry of the predictor variables (we enter all eight variables at once rather than
using stepwise regression or any other data-driven variable selection techniques). We refer to
these models as explanatory regressions.

The log transformation is used here to increase the influence of the lowest annual low flows and
because 1log(Q7min) meets Shapiro-Wilk and Anderson-Darling tests for normality much more
frequently than the untransformed values.

Large [ coefficients indicate that the mechanism is responsible for a large portion of historical
interannual variability in log(Q7min). This contrasts with the elasticities reported by Cooper et al.
(2018), which express the % change in y related with % change in x. Low flows are more
variable from year to year in warmer catchments than in colder catchments, so elasticities will
tend to be greater in rainfall-dominated and hybrid catchments. However, we think sensitivities
are better understood in the context of historical variability than in absolute terms, so we prefer
to use the correlation coefficient.



305

306

307
308
309
310
311
312

non-peer reviewed manuscript submitted to Water Resources Research

Table 1: Data used to assess sensitivity to climate and anthropogenic drivers

Driver Mechanism/ | Variable Description Dataset Dates
drought type
Below- Snowmelt SWE,.x | Maximum Snow Water | ERAS Land 1950-
normal drought Equivalent Hourly (Muioz present
winter Sabater, 2019)
storage Groundwater | BE,inter Average baseflow for 30 | Eckhardt Same as
drought days prior to SWEpax baseflow discharge
separation of
discharge time
series
Accelerate | Rainfall Poyymmer Total Precipitation from | North American | 1900-
d summer | deficit May to the low-flow gridded monthly | 2022
recession month historical climate
ET-driven Tsummer | Average Temperature (~2 km
storage from May the low-flow | resolution)
depletion month (MacDonald et
al., 2020)
Short-term | ET-driven T, 7-day mean temperature, | Canadian 1949-
anomalies | transmission concurrent with Q7min gridded daily 2020
losses historical climate
(~10 km
Glacier melt resolution)
drought (Hutchinson et
al., 2009)
Direct Water Abstraction| Estimated annual water | Estimated based | 1863-
Human Abstraction use on water 2023
Interventio licenses, well
ns construction
records, and land
use data. See
Appendix B.
Forest ECA,; Fraction of watershed Calculated from | 1900-
Harvesting harvested or burned BC Consolidated | 2023
within 9 years Cutblocks
ECA;, Fraction of watershed (Province of BC, | 1900-
harvested or burned 2024b) and Fire | 2023
between 24 and 80 years | Perimeters
ago (Province of BC,
2024a)

We assess below-normal winter snow storage using ERAS5-Land reanalysis snow water
equivalent (SWE) data (Mufioz Sabater, 2019). Shao et al. (2022) found that these data

performed better than other published gridded snow data products, and we also found that this
dataset provided a much better match to snow survey data (Vionnet et al., 2021), than a Canadian
data product (Environment and Climate Change Canada, 2021). SW E};, 4, 1s the maximum
catchment-averaged SWE for each year. We tested two alternatives: an alternative variable

10
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definition SW Efiyq, which is the average SWE for the median peak accumulation month, and
the snow disappearance date calculated from daily ERAS-Land SWE.

We estimate groundwater drought based on spring baseflow (BF,; i, terr)- British Columbia’s
monitoring well network is very sparse (Curran et al., 2023), precluding an analysis based on
groundwater levels. We estimate baseflow using an Eckhardt filter, implemented in R in the
FlowScreen package with parameters @ = 0.97 and BFI,,,x = 0.8 (J. Dierauer & Whitfield,
2019). These parameters are considered typical for perennial streams with porous aquifers
(Eckhardt, 2012). We also test the Eckhardt filter with parameters suitable for hard rock aquifers
and 5 other baseflow filtering algorithms. BF,,;,t 1S the average estimated baseflow for 30 days
prior to SWE 4, and we also test using a fixed timing (the same timing as SW Ef;yeq)-

To estimate the impact of accelerated summer recession, we use the average summer temperature
Tsummer and the total summer precipitation Psummer. The summer season is defined as May-August,
May-September, or May-October, depending on the low flow month. We use the interpolated,
gridded, monthly data produced using the ANUSPLIN algorithm by MacDonald et al. (2020).

We investigate ET-driven transmission losses and glacier melt drought using T, 7-day mean
temperature for the same 7 days used to calculate Q7min. We cannot, unfortunately, separate the
drying effects of ET-driven transmission losses from the wetting effects of increased meltflow.
However, we may expect that glacial catchments will exhibit more positive (or less negative)
streamflow-temperature correlations (Stahl & Moore, 2006). We use the interpolated, gridded,
daily data produced using the ANUSPLIN algorithm by Hutchinson et al. (2009).

The ANUSPLIN monthly and daily data are derived from unadjusted precipitation records
(Hutchinson et al., 2009; MacDonald et al., 2020), so changes to operating procedures,
instrumentation, and station locations over time may introduce non-stationarity to the
precipitation data (MacDonald et al., 2021; Werner & Cannon, 2016). We compared the

Surprisingly, we found that the ANUSPLIN dataset was as temporally consistent (the bias did not
change over time) as two datasets developed using adjusted precipitation data and homogenized
al., 2019). We also found that ANUSPLIN was more temporally consistent than ERAS5-Land
reanalysis data (Mufioz Sabater, 2019). We chose the ANUSPLIN dataset for the main analyses
in this study because it offers the longest temporal coverage and finest resolution of available
datasets for the region. We also repeat our sensitivity analyses using the PNWNAmet gridded
dataset, which is available from 1945-2012 and the ERAS-Land reanalysis, which is available
from 1950-present.

Water abstraction is estimated following the strategy in Barroso and Wainwright (2020). For
licensed water use, we converted yearly and daily allocations to m>/s. Although surface water
licensing is thorough in BC, most groundwater use is unlicensed. We spatially joined well
construction records to BC Assessment parcels and determined the most likely well use based on
the intended well use from the well record (where available) and the property description from

11
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the BC Assessment. For most well uses we assigned a representative water use value, but for
irrigation wells we estimated water demand based on the size of the property. More details are
provided in Appendix B. Abstraction is only included for catchments in which the estimated
mean annual water use is greater than 10% of the low-flow discharge in any individual year.

We include two variables related to forest disturbance: ECA; and ECAy;;. These correspond to
hydrological periods I and III as described by Coble et al. (2020). Hydrologic period I is
expected to be a period of increased low flow discharge, lasting between up to 40 years after the
disturbance; the median length in the studies reviewed by Coble et al. was 9 years. ECA; is
defined here as the fraction of the catchment with a stand age of 9 years or less. Hydrologic
period III is expected to be a period of reduced low flow discharge, beginning some years after
the disturbance. The onset of period III has been found to be highly variable, with a median onset
timing of 24 years following the disturbance. We defined EC A;;; as the fraction of the catchment
with stand age between 24 and 80 years old. These variables are only included if more than 10%
of the catchment area has ever been logged and if less than 10% of the catchment area is
privately held (where logging records are not public).

2.5.1 Nonlinearity in temperature effects

A common argument is that temperature (or potential evapotranspiration) does not drive droughts
because actual evapotranspiration becomes water limited, not energy-limited as the landscape
dries (Barnett et al., 2005). As temperature increases, there may be thresholds above which no
water is available for evaporation, or when plants close their stomata to regulate transpiration.
Thus, we may expect a nonlinear relationship between temperature and Q7min.

Our linear regression models assume that the effect of temperature on Q7min 1s loglinear. This
means that a unit increase in temperature will produce a fractional reduction in Q7min, which is
consistent with the expectation that the ratio of actual evapotranspiration to potential
evapotranspiration decreases as water availability decreases. This is a reasonable assumption, but
the real relationship could be either concave up or down on a loglinear plot, and we can
statistically test the assumption in two ways.

First, we add a squared term in the linear regressions, So(Tsymmer)?. If the effect of temperature
is diminished at high temperatures, we expect that B4 will be positive. For each regime we use a
binomial test to compare the number of positive coefficients to a binomial distribution with
probability=0.5 as a test for field significance, which is the extent to which the distribution of
results for several catchments differs from a random distribution (Burn and Hag Elnur, 2002). We
also test whether the number of positive or negative significant coefficients exceeds the number
expected by chance, by using binomial test with probability=0.05.

Second, we can substitute space for time and test whether temperature is a weaker driver in
warmer catchments. For each regime, we evaluate the correlation between S, (the Ty mmer
coefficient) and the mean summer temperature.
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2.5.2 Stationarity

The trends that will be shown in Figure 2 are evidence of non-stationary time series, which could
be due to non-stationary drivers and/or non-stationarity in low-flow generating mechanisms. The
latter, which we term ‘mechanistic non-stationarity’ has been variably described as parameter
instability, model non-stationarity, rainfall-runoff non-stationarity, and non-stationarity in
catchment characteristics (Beven, 2016; Niel et al., 2003; Westra et al., 2014). If part of the trend
in low flows is related to mechanistic non-stationarity, then inferences drawn from analysing
historical data will be less useful for making predictions about the future or simulating years
before the calibration period.

We can evaluate whether low-flow generating mechanisms have been stationary in the past by
repeating the sensitivity analysis over early and late (recent) time frames. For this analysis we
choose 153 catchments that have at least 20 years of data up to 1997 and at least 20 years from
1998 onwards (this split maximizes the number of catchments meeting the criterion). We fit the
explanatory regression models (Equation 2) to the early (up to 1997) and late (1998 onwards)
datasets.

If there is mechanistic non-stationarity, Beqriy and fiq¢e Will differ. We tested agreement between

the two sets of coefficients for each catchment by comparing the test statistic, A =

Biate — Bearty- to an empirical distribution generated by a Monte Carlo permutation test with
10,000 random assignments of the data to the early and late periods. For this analysis we exclude
the Abstraction, ECA;, and ECA;;; variables because a) they are less consistently measured
through time, which could lead to erroneous findings of non-stationarity, b) this would also
reduce the statistical power to correctly detect non-stationarity in the climate variables, and c)
these variables are strongly autocorrelated by construction, which violates the independence
assumption necessary for the Monte Carlo permutation test.

We assess field significance for this test statistic in with three tests: Test 1 is a binomial test with
an expected probability of 0.5 to evaluate if the proportion of catchments with A > 0 is more or
less than expected. Test 2 is a binomial test with an expected probability of 0.05 to test whether
the proportion of catchments with individually significant positive differences is greater than
expected. Test 3 is the same as Test 2 but for negative significant differences. Each binomial test
is applied 20 times (4 regimes and 5 variables), so we assess significance using the Holm-
Bonferroni method to control the family-wise error rate (Holm, 1979).

2.6 Predictive Regression Models

We build on the analysis of low flow drivers to create ordinary least squares regression models
that predict the yearly minimum flow, Q7min for each catchment.

Despite its simplicity, regression is an appropriate model to simulate summer low flows. In the
20™ century multiple regression models were often used for streamflow simulation and
forecasting (eg. US Soil Conservation Service, 1972; Cayan et al., 1993; Garen, 1992; Vogel et
al, 1999). Process-based computer models, though first proposed in the 1960’s (Freeze and
Harlan, 1969), became more popular in the late 1990s and 2000s with improvements in computer
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technology (McMahon, 1992; Todini, 2007). More recently, data-driven approaches have made a
comeback in the form of machine learning models, with some authors showing that data-driven
approaches can outperform process-based models in a wide variety of settings (Kim et al, 2021;
Arsenault et al, 2023). Regression is a simple form of machine learning, and its use is thus
neither particularly new nor out of step with current practices.

We ruled out more complex machine learning models because of limitations in the size of the
dataset. We have chosen to predict only the minimum yearly summer/fall low flow, in contrast to
many previous low-flow and hydrologic drought studies that analyse flow percentiles or spell
durations. The minimum flow has relevance for fish survival, passage, and spawning, has
regulatory implications for British Columbia, and is also commonly the portion of the
hydrograph that is most poorly predicted by process-based hydrologic models. By abandoning
the requirement to simulate all parts of the annual hydrograph, we can more accurately represent
the flow-generating mechanisms that are most relevant to low flows. However, we also reduce
the size of our calibration data to one observation per year, so a high-order machine learning
model would likely be overfit. Regression works well with small datasets and produces models
that are straightforward to interpret, whose properties have been studied over more than a
century.

We choose to make bespoke models for each catchment, rather than to create one model for the
region with catchment characteristics as covariates, because the one-model approach did not
perform well in our preliminary tests (results not shown). Our approach allows us to accurately
simulate the unique response of each catchment to climate variability and change. We are then
able to analyse how these responses across the four hydrologic regimes.

2.6.1 Model Selection

For each catchment we develop three regression models to predict 10g(Q7min): one for each of the
three months comprising the low-flow season. We use all available years of streamflow data up
to 2022 to build these regression models. In our sample of 230 catchments the longest record
begins in 1903.

For each catchment-month combination, we construct the best model using 5-fold cross-
validation, which is repeated 10 times with random partitions of the data into folds. We evaluate
the models using the Kling-Gupta Efficiency (KGE), evaluated jointly on the predicted Q7min of
the five folds. Due to the known problems with using the KGE on log-transformed flow values
(Santos et al., 2018), we use the square root of Q7min.

We start with 15 physically plausible variables and train models for all subsets of variables (2'°=
32,768 models). The model with the highest average KGE for each catchment-month is selected.
We then evaluate the models using 10 new random partitions of the data into folds.

The 15 candidate variables are chosen to represent climate variables and water abstraction
(Equation 3). We only use precipitation (P) and temperature (T) as predictor variables because
they are uniformly available in the historical climate data from 1900-2022. We chose to include
mean T and total P variables over seven averaging times (1, 2, 3, 4, 6, 8, and 12 months prior to
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the month being predicted). This allows the cross-validation routine to select the most
appropriate lag times, or combinations thereof, for each catchment. Using overlapping averaging
times ensures that the model will include more recent months, which prevents the construction of
physically implausible models.

For month k the full model with all 15 variables is:

1og(Q7 min)k ~b1Tik—11k] + b2Tik-74] + b3T(k=s5k] + DaTik-3 4] + PsTik—24] + P6Tik-14] (3)
+ b7 Ty + bgPi-11,k] + boPi—7k] + b10P[k-5k] T D11P[k-3K]
+ b12P[k—2k] T b13P[k-1k] + b14aP[x] + Abstraction
b; are the regression coefficients and the subscripts [k — m, k] indicates the period ending on
month k and beginning m months before. For each year, the predicted minimum summer low
flow is the lowest prediction of the three months comprising the low-flow season.

We construct our models based on ANUSPLIN data. For comparison, we also construct
predictive regression models using the same process with PNWNAmet and ERAS5-Land data.

We can compare the model fits to published models for some of the catchments. The Pacific
Climate Impacts Consortium (2020) has created distributed, physically-based hydrologic models
for 56 of the 230 catchments studied here, using a Variable Infiltration Capacity model with a
glacier model (VIC-GL). These 56 models include 21 hybrid, 26 snowmelt, and 9 glacial
regimes. No rainfall-dominated catchments are included. To enable comparison of low-flow
predictions between the VIC-GL models and the regression models developed in this study, we
fit the regression models to the same time period (1945-2012) using the same gridded
meteorological data (PNWNAmet , Werner et al., 2019). Only the final calibrated model data are
available for the VIC-GL models, so we compare the performance to our final regression models,
trained and evaluated on all years of data. These performance statistics are referred to as ‘in-
sample’ statistics, in contrast to the ‘out of sample’ statistics derived from cross-validation. One
catchment had less than 20 years of data between 1945-2012 so we compare the remaining 55.

We evaluate our models for residual autocorrelation and stationarity. We used the Breusch-
Godfrey test for lag-1 autocorrelation (Breusch, 1978; Godfrey, 1978), and evaluated the critical
value of the test statistic using Monte Carlo randomization of the lagged residuals with 10,000
draws. We evaluated residual stationarity by subjecting the residuals to the same trend analysis as
described in Section 2.4. We applied the same binomial tests for field significance as described in
Section 2.5.1.

2.7 Environmental Flow Thresholds

We compare the predicted low flows with two flow thresholds. The BC government has the
authority to set a Critical Environmental Flow Threshold (CEFT) for any stream, which is
defined as the discharge “below which significant or irreversible harm to the stream's aquatic
ecosystem is likely to occur” (Water Sustainability Act, 2016). The presumptive CEFT is often
set using a modified Tennant method, at 5% of the long-term mean annual discharge (McCleary
& Ptolemy, 2017). However, for rainfall-dominated catchments, flows are frequently less than
5% long-term mean annual discharge. As such, the interim CEFT for the Xwulqw’selu
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(Koksilah) Watershed (a typical rainfall-dominated catchment) was set close to 2% long-term
mean annual discharge. We follow this strategy and set the presumptive CEFT at 2% long-term
mean annual discharge for rainfall regimes and 5% for other catchments.

British Columbia has a separate drought classification framework, which is based on flow
percentiles calculated for each day of the year. The most severe drought level (5) corresponds to
flows below the 2™ percentile (a 1-in-50-year event), while level 4 corresponds to flows below
the 5 percentile, and Level 3 to the 10 percentile. At level 5 “adverse impacts to socio-
economic or ecosystem values are almost certain”, regulatory action to limit water use is “highly
likely”, and the province prepares for “emergency response where risk of failure or loss of
[water] supply exists” (BC Ministry of Water, Land and Resource Stewardship, 2023). The North
American Drought Monitor classifies events below the 10", 5™ and 2" percentiles as “Severe”,
“Extreme”, and “Exceptional” droughts.

We calculate the 10, 5% and 2" percentiles of Q7min, based on available data from 1950 to
present. Compared to British Columbia’s drought monitoring this is somewhat conservative (less
likely to classify events as drought), since the province calculates percentiles for each day of the
year.

2.8 Historical Reconstruction

We reconstruct low flows from 1901 to 2022 using the optimized regression models (Section 2.6)
and the historical monthly temperature and precipitation data. We compare the simulated low
flows to the thresholds described in Section 2.7.

We also assess what has driven decadal changes in low flows over the last century. To answer
this question, we estimate the yearly anomaly in Q7min for each catchment, relative to the average
simulated Q7min from 1950-1999 (in the absence of any effect of water abstraction). This ‘total
anomaly’ is composed of anomalies driven by winter and summer temperature and precipitation,
as well as water abstraction.

We estimate the Q7min anomalies and their components using the regression model for the low-
flow month for each catchment. First, we find the temperature and precipitation anomaly for
each month, year, and catchment. We construct the predictor matrix for each regression model
using these anomalies, considering temperature and precipitation separately and winter
(November-April) and Summer (May — October) separately and setting all other values to 0. We
run these predictor matrices through each regression model; the predicted values, minus the
model intercept, are the anomalies in log(Q7min) associated with each driver.

3 Results

3.1 Dissecting past trends in low flows

Figure 2 shows the trends in summer to fall low flows, from 1950 to 2022. Overall low flows
have decreased in 174 of 230 (76%) watersheds. There has been a significant (p<.05) decrease in
50 watersheds, and only five watersheds have seen a significant increase.
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Rainfall and hybrid regimes have seen strong drying trends. Low flows in 27 of 28 rainfall-
dominated catchments have decreased, with 16 statistically significant trends. 74 of 79 hybrid
catchments have seen declines, with 22 significant drying trends.

Snowfall and glacial regimes show weaker evidence of regional trends. 61 of 89 snowfall-
dominated catchments show drying trends, with 11 significant drying trends and three significant
wetting trends. Over half of glacial catchments (22 of 34) have seen increases in summer low
flows, with only one significant increase and one significant decrease.

Only two catchments have seen statistically significant increases of more than 10% per decade.
Further inspection revealed that these are small (<100 km?) catchments located very near to the
two largest open-pit copper mines in Canada, which were operating since before hydrometric
monitoring began. Although a detailed investigation of these sites is beyond the scope of this
study, we hypothesize that historical mining operations (water use and/or mine dewatering) have
induced a non-natural streamflow response.

July, August, September, and October trends are shown individually in the Appendix C. Drying
trends are strongest in August (210/230 drying, 104 significantly), and weakest in October
(121/228 drying, 21 significantly). Glacial regimes have seen more increases than decreases in
September and October but across the three other regimes drying trends are more common in all

months.
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Figure 2: Trends for the overall (August — October) low flow in the 230 study catchments, using available data from
1950 to 2022. Hatched polygons denote non-significant trends. Red denotes drying trends and blue denotes wetting
trends. 174 of 230 catchments are drying, and 50 of these decreases are statistically significant. Rainfall-dominated
and hybrid catchments are drying much more than snowmelt-dominated and glacial catchments. Only five
catchments show statistically significant increases (wetting trends).

17



565

566
567
568

569
570
571
572
573
574
575
576

577
578
579
580
581
582
583

584
585
586
587
588
589
590
591
592

593
594
595
596

597
598
599
600
601
602

non-peer reviewed manuscript submitted to Water Resources Research

3.2 Examining sensitivity to key climate variables

Figure 3 shows the standardized regression coefficients for regression models with each the
variables listed in Table 1. Figure D1 shows bivariate (Pearson) correlation coefficients for each
of the variables for comparison.

Below-normal winter storage has historically had a minor influence on summer low flows. For
winter snow storage, the median coefficient is less than 0.2 across all regimes, with one third
being significant. We found no meaningful differences in the strength of the correlations when
using a fixed timing for the SWE variable (Figure D2). The snow disappearance date was a
slightly stronger predictor than SWEmax, probably because the snow disappearance date includes
information about both winter snow accumulation and summer melting rates. The bivariate
correlation coefficients (Figure D1) were only slightly larger than the standardized coefficients in
Figure 3 (median of 0.249 with 43% being significant).

Winter snow accumulation also does not necessarily prevent severe low flows. Across the 230
catchments, 35% of the catchment-years in the bottom decile (10" percentile) of Q7min had
above-median winter snow accumulation; 210 of 230 catchments had at least one year with
above-median snow accumulation and Q7min in the bottom decile, and 52 catchments had at least
one year with exceptionally high snow accumulation (top decile) that nevertheless had Q7min in
the bottom decile, including 6 rainfall-dominated, 17 hybrid, 21 snowmelt-dominated, and 8
glacial catchments.

Correlations with end-of winter baseflow (BF,,interr) are small in all hydroclimatic regimes. The
median coefficient is 0.08. Only 12% are significant and positive, which is slightly more than the
5% that would be expected by chance. The bivariate correlation coefficients (Figure C1) were
similar to the standardized coefficients in Figure 3 (median of 0.11 with 14% being significant).
We tested six other baseflow filtering algorithms (Figure D3). Although the baseflow time series
were considerably different, we did not find meaningful differences in the correlations with
log(Q7min). We also tried holding the timing constant and calculating the average baseflow over
the same month for each year (the median peak SWE accumulation month) and found even
weaker correlations.

As another robustness check on our conclusions about the importance of winter storage, we tried
including winter (November to April) T and P in place of SWE,,,,, and BF,,inter (Figure D4).
The coefficients of Tyinter and Py inter Were similar in magnitude to the correlations with
SWEnmax, indicating that these variables serve as reasonable proxies for snow accumulation.

Summer precipitation, Psummer, Shows large positive correlations for most catchments across all
regimes (median of 0.48), and 79% of these correlations are statistically significant. Summer
temperature, Tsummer, Shows negative coefficients for most rainfall-dominated and hybrid
catchments, with median coefficients of -0.26 for both regimes, and 36% and 39% significant,
respectively. In snowmelt-dominated catchments the median coefficient for Tsummer 1S close to
zero and in glacial catchments it is positive.
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We note that bivariate correlation coefficients (Figure D1) for Tsummer are considerably more
negative than the coefficient from the multiple linear regression. For rainfall-dominated and
hybrid catchments, the median bivariate correlations for Tsummer are -0.54 and -0.55, respectively,
which are approximately equal and opposite to the correlations for Psummer. The discrepancy
between the bivariate correlations and the coefficients of the multiple linear regression occurs
because Tsummer tends to be correlated with many of the other predictor variables, especially
Psummer, T7, Abstraction, ECAr and ECAmnr.

The results are similar when we specify an alternate regression model with potential
evapotranspiration and precipitation from the ERA5-Land model instead of Tsummer and Psummer
from the observational ANUSPLIN data (Figure D5). However, the correlations with potential
evapotranspiration are slightly stronger (more negative) than those with temperature, probably
because the potential evapotranspiration data accounts for the effects of humidity, wind speed
and radiation, and the nonlinear shape of the saturation vapour pressure curve. The correlations
with precipitation are slightly weaker, probably because the ERA5-Land precipitation data are
less accurate than the ANUSPLIN data and because there is some collinearity between
precipitation and potential evapotranspiration.

There are both positive and negative coefficients with T7, but most of these relationships are
weak. The coefficients are more likely to be negative in rainfall and hybrid catchments, which is
similar to the pattern for Tsummer.

Abstraction tends to reduce low flows, as expected. However, the magnitude of the effect varies
widely, probably because the magnitude of water use varies. Most catchments in our sample had
very little water use.

The two forest harvesting variables, ECA; and ECAm, do not show the expected behaviour of
low flow increases in period I and decreases in period III. Both positive and negative coefficients
are common for ECAj and ECAy and the median is near zero in all regimes.

We replicated Figure 3 using PNWNAmet data (Werner et al., 2019) for Tsummer, Psummer, and T7.
We found that results were very similar to those using ANUSPLIN (Figure D6).

We also performed a more detailed analysis of the effect of forest disturbances on low flows
(Appendix E), using four different Equivalent Clearcut Area functions and the pre-whitening
strategy applied by Zhang and Wei (2012) and various other authors. This analysis also showed
mixed and mostly non-significant results for most regimes. We found that pre-whitening resulted
in extremely low statistical power to detect even large effects, so we also conducted an analysis
without pre-whitening. There was some evidence that forest disturbance lowers low flows in
snowmelt-dominated and glacial catchments, but we were unable to detect effects in rainfall or
hybrid regimes.

We note that the standardized regression coefficients, 5, measure the effect of each explanatory
variable as a fraction of the standard deviation of log(Q7min). However, this variance tends to be
smaller in cold catchments: the average coefficient of variation of Q7min 1s 0.53 in rainfall, 0.49
in hybrid, 0.34 in snowmelt and 0.30 in glacial regimes. This means that, all else being equal, the
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same S indicates a greater effect on the magnitude of the low flow in rainfall-dominated
catchments than in colder catchments.
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Figure 3: Standardized regression coefficients for log-transformed summer low flows with 8 explanatory variables.
Analogous graphs with bivariate Pearson correlation coefficients are shown in Figure D1. The numbers indicate the
number of catchments.

3.2.1 Nonlinearity of temperature effects

The first test for non-linearity in the effect of temperature was to include (Tsymmer)? in our
explanatory regression models. The coefficient for (Tgymmer)? is positive in 57%, 77%, 74%,
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and 65% of rainfall, hybrid, snowmelt, and glacial catchments; these rates are field-significant
(greater than would be expected by chance) for hybrid and snowmelt, catchments and not
significant for rainfall-dominated and glacial catchments. The rate of positive significant
coefficients is significant only for the hybrid regime. These results suggest that the effect of
temperature on log(Q7min) may be slightly nonlinear, and that the effect of temperature
diminishes at high temperatures for hybrid and snowmelt-dominated catchments.

The second test for nonlinearity was to examine whether the effect of temperature was weaker in
warmer catchments. We found the opposite: for all regimes, the coefficient for T, ;mer Was
larger (more negative) in warmer catchments; this relationship was statistically significant for the
snowmelt-dominated regime, not significant for the rainfall-dominated regime, and marginally
significant (p<0.1) in hybrid and glacial catchments.

3.2.2 Testing stationarity

We did not find evidence of significant non-stationarity in most of the correlations. Tests 2 and 3
(the number of positive and negative significant differences) were non-significant for all
variables and regimes, even before applying the Holm-Bonferroni method.

Test 1 (the ratio of positive to negative differences) was significant for Tsummer in hybrid and
snowmelt-dominated regimes (for most catchments the coefficients were less negative in the late
period), indicating that the influence of summer temperature may be decreasing. However, the
influence of T7 appears to be increasing in snowmelt-dominated regimes (most catchments had
more negative coefficients in the later period), although this was non-significant after applying
the Holm-Bonferroni method. Test 1 was also significant for SWEmax in hybrid and snowmelt-
dominated regimes, indicating that the influence of winter snow accumulation may be
decreasing. Psummer and BFwinter Wwere not significantly non-stationary in this analysis.

We tested the robustness of our analysis by splitting the data at years 1995, 1996, and 1998. All
results are included in Appendix D.

3.3: Parsimonious predictive regression models

Figure 4 shows the modelled response (change in low flow as a percentage) to temperature and
precipitation anomalies, based on the predictive regression models (Section 2.6). The x-axis
indicates the lag time between the anomaly and the low-flow month. The top row shows the
response to 10 mm of additional precipitation, and the bottom row shows the response to a 1°C
increase in temperature over a single month.

All regimes show increases in Q7min related to precipitation events over a period of about 4
months. The lag-0 effect is smaller for some catchments because low-flow events can occur early
in the month, before large precipitation events. Some hybrid and snowmelt-dominated
catchments have longer lag times (up to 11 months) which is probably related to winter snow
accumulation that persists into the summer.

The response to temperature for the low-flow month (lag 0) is strongly negative in rainfall
regimes and variable in hybrid regimes. For snowmelt and glacial regimes, increased temperature
leads to higher flows over the short term (up to a lag of 1 month) probably because of increased
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690  meltflow, but lower flows over the longer term (3-6 months) because of storage depletion. The
691  short term increase could also be partly related to catchments where low-flow month
692  precipitation falls as snow in particularly cold years.
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694 Figure 4: The modelled response to precipitation and temperature anomalies occurring 0 to 11 months before the
695 month for which the low flow is predicted. The top row shows responses to 10 mm of additional precipitation and the
696 bottom row shows responses to a 1°C increase in temperature over a single month.

697  Table 2 shows the KGE, NSE, and R? statistics for the predictive regression models, derived

698  from 10 repeated 5-fold cross-validations. The median KGE for the overall low-flow prediction
699 is 0.64, with a range from 0.18 to 0.92. All the models perform significantly better than the

700  benchmark KGE of -0.41 (Knoben et al., 2019). Three models have negative NSEs. We also

701  tested the modelling framework using three other datasets: ANUSPLIN-adjusted (MacDonald et
702  al., 2021), ERAS5-Land (Mufoz Sabater, 2019) and PNWNAmet (Werner et al., 2019); we found
703 that performance was very similar across ANUSPLIN, ERA5-Land, and PNWNAmet, but the
704  ANUSPLIN-adjusted models performed slightly worse (see Appendix H).

705  Based on the R? values, the models explain a median of 48% of the historical variance. The

706  residual error may be due to unobserved variables (eg. land use change) and measurement errors
707  in streamflow, climate, and water use variables. Some of the error can also be attributed to

708  variability in the timing of precipitation events during the month of interest.

709 Table 2: Median goodness of fit statistics for best regression models selected for the 230 catchments. Minimum and
710 maximum values are provided in brackets.

Rainfall Hybrid Snowfall Glacial
N 28 79 89 34
KGE(Q7min'?) 0.68 (0.28, 0.77) 0.72 (0.28,0.91) 0.66 (0.12, 0.88) 0.57 (0.26, 0.77)
NSE(10g(Q7min)) 0.47 (-0.07, 0.6) 0.55 (-0.19, 0.8) 0.46 (-0.08, 0.8) 0.36 (-0.07, 0.63)
R*(Q7min) 0.49 (0.08, 0.74) 0.54 (-1.8, 0.86) 0.47 (-0.15,0.78)  0.39 (-0.04, 0.63)
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PBIAS(Q7min) -4.14 (-24.15,3.78)  -1.04 (-19.38, 8.22) -0.37(-18.08, 7.27) -0.69 (-5.17, 6.51)

711

712 In terms of predicting the overall summer low flow, the regression models presented here

713  generally outperform the VIC-GL models (Pacific Climate Impacts Consortium, 2020).

714 KGE(Q7min) and NSE(Q7min) for the regression models are better in 96% and 98% of the

715  catchments, respectively. Evaluated on transformed flow values, KGE(Q7min""?) and

716 NSE(log(Q7min)) are better in 95% and 98% of the catchments. Table 3 shows the median and
717  range of NSE and KGE for the regression and VIC-GL models. Strikingly, NSE(log(Q7min)) is
718  negative for 40 of 55 of the VIC-GL models but none of the regression models.

719 Table 3: Median Nash-Sutcliffe and Kling-Gupta Efficiencies for regression and VIC-GL models. Minimum and
720 maximum statistics are provided in brackets.

Regression VIC-GL Regression outperforms VIC-
GL
KGE(Q7min) 0.80 (0.42, 0.93) 0.43 (-1.71, 0.86) 53/55 catchments
KGE(Q7min'?) 0.80 (0.46, 0.92) 0.45 (-0.48, 0.88) 52/55 catchments
NSE(Q7min) 0.71 (0.29, 0.91) -0.22 (-70.6,0.75)  54/55 catchments
NSE(log(Q7min))  0.71 (0.38, 0.88) -0.56 (-44.74,0.7)  54/55 catchments
PBIAS(Q7min) -0.3(-3.2,5.8) -12.8 (-88, 129.1) 52/55 catchments

721

722 We also evaluated 27 common goodness-of-fit statistics included in the hydroGOF R package
723  (Zambrano-Bigiarini, 2024) under square-root, log, and identity transformations (81 statistics
724 total). The regression models outperformed the VIC-GL models for every one of these statistics;
725  on average for the 81 statistics, the regression models outperformed VIC-GL in 52 of 55

726  catchments.

727  The efficiency statistics in Table 3 are evaluated using in-sample statistics to ensure a like-with-
728  like comparison. However, the regression models outperform the VIC-GL models even if we
729  give the regressions an artificial disadvantage by using their cross-validated efficiency statistics
730  (Table 2). The cross-validated regression KGE(Q'"?) scores are better than the in-sample scores
731 for VIC-GL in 43 of 55 (78%) catchments, and the cross-validated Regression NSE(log(Q)) are
732 better than the in-sample VIC-GL scores of 53 of 55 (96%) catchments.

733 The VIC-GL models are not poorly calibrated overall. When calculated on daily flows for the
734 entire time series, the median NSE(log(Q)) and KGE(Q'!?) for these models are 0.76 and 0.84.
735  Only one VIC-GL model has a negative KGE(Q'!?), and only five have a negative NSE(log(Q)).
736  However, the models clearly perform poorly for low-flow prediction. The VIC-GL models were
737 not calibrated with the sole purpose of predicting low flows, so general conclusions about the
738  relative suitability of regression vs process-based models for predicting low flows may not be
739  appropriate. It is possible that process-based models calibrated to optimize low-flow prediction
740  could outperform the regression models presented here, but a rigorous benchmarking of different
741  models and calibration techniques is out of the scope of the current work.

742  We found little evidence of residual autocorrelation. Overall, the Breusch-Godfrey test was
743  significant for 8% of the catchments. Hybrid regimes were most likely to be autocorrelated
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(13%), followed by rainfall and snowmelt-dominated catchments (7% each), glacial catchments
(0%). Based on binomial tests, these rates of significant results are field-significant (greater than
expected by chance) for the hybrid regime but not field-significant for the other regimes.
Despite the finding of field-significance for the hybrid regime, the proportion catchments with
significant autocorrelation is low. This indicates that ignoring interannual catchment storage in
the models is a reasonable choice.

We also found little evidence of non-stationarity in the model residuals. We found individually
significant trends in 13% of the catchments (18% of rainfall catchments, 14% of hybrid
catchments, 10% of snowmelt catchments and 15% of glacial catchments). Approximately half
(48%) of all catchments had positive trends in the residuals. Based on binomial tests, none of the
regimes had an abnormal number of positive/negative trends nor an abnormal number of
significant positive/negative trends.

3.4: Hindcasted low-flow conditions

We use the regression models to simulate past low flows from 1901-2022 and compare low flows
to the Critical Environmental Flow Threshold (CEFT) and drought thresholds. Figure 5 shows
the percentage of catchments within each regime that transgress these thresholds smoothed using
a running mean of 10 years.

Rainfall-dominated catchments are, in general, more likely to transgress the CEFT than hybrid
catchments, even though the CEFT for these catchments is set at 2% of long-term mean annual
discharge for rainfall-dominated catchments and 5% for hybrid catchments. This is because low
flows in these catchments are more variable from year to year than low flows in colder
catchments, as was noted in Section 3.2. This larger envelope of variability means that low flows
transgress the CEFT more frequently.

Warm-season low flows in snowmelt-dominated and glacial catchments almost never fall below
the CEFT because these catchments tend to see their lowest flows in the winter months.
However, drought thresholds were defined on a seasonal basis, and these catchments do
experience warm-season droughts.

Drought and CEFT transgressions in rainfall-dominated catchments have risen erratically but
persistently since the 1980s. There has also been a recent increase in transgressions for hybrid
regimes over the same period, although it has been less dramatic than the trend in rainfall
regimes. These simulated trends are consistent with the declining trends in measured Q7min
observed in Figure 2.

Another remarkable detail in Figure 5 is that, for hybrid, snowmelt, and glacial regimes,
streamflow drought was more common 100 years ago than it is currently. Although CEFT
transgressions are rising in hybrid regimes, they are currently no more common than they were
throughout the warm and dry 1920’s and 1930°s.
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Figure 5: The simulated percentage of catchments transgressing the Critical Environmental Flow Threshold (CEFT)
as well as Drought Levels 3, 4, and 5. A 10-year rolling mean (beginning in 1900) is used to smooth the data.

Figure 6 shows the total anomaly in Q7min (black line) and the components of this anomaly that
can be attributed to winter and summer temperature and precipitation. Low flows in the early
20™ century were considerably below-average in hybrid, snowmelt, and glacial regimes, and this
was mostly related to a long-term precipitation deficit. Variability in precipitation drove most of
the overall low-flow variability throughout the 20" century.

In recent years temperature has begun to play a much larger role. Since 1990, warm summer
temperatures have led to large negative low-flow anomalies associated with temperature in
rainfall-dominated and hybrid regimes (dark brown in Figure 6). This, in combination with
slightly below-average precipitation, has led to large negative anomalies which continue to trend
downwards. Hotter summers are continuing to increase the size of the negative anomaly driven
temperature.
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Increasing water abstraction began in earnest around 1950 and the effect on low flows has grown
ever since. On average, in 2022 abstraction is estimated to have reduced flows by 7%, 13%, and
1% 1in rainfall, hybrid, and snowmelt-dominated catchments. Note that this is an average across
all studied catchments, many of which have little or no water use; the effect on some catchments
is much larger.

We created similar plots of Q7min anomalies using models trained and applied to the ANUSPLIN-adjusted,
ERA5-Land, and PNWNAmet datasets, and found similar patterns (Appendix H). All datasets show a
large and growing deficit associated with summer temperatures in rainfall and hybrid catchments, and all
datasets show similar patterns precipitation-dominated variability in the 20th century. The ANUSPLIN-
adjusted dataset depicts much drier conditions for the first half of the 20th century, so models created
using this dataset show larger negative anomalies prior to 1950. However, the ANUSPLIN-adjusted
dataset produces annual runoff ratios much greater than one between 1900 and 1950, particularly in
coastal, rainfall-dominated catchments, so we believe that these data underestimate precipitation prior to
1950 (Appendix G). The hindcasts created using the unadjusted ANUSPLIN data are probably more
reliable.
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Figure 6. The average total anomaly in Q7 min (relative to the period 1950-1999, with no water abstraction) is shown
as a black for each catchment. The total anomaly is composed of anomalies driven by winter and summer
temperature and precipitation, as well as abstraction. The y-axis is log-scaled so the width of the coloured ribbons
can be directly compared.

4 Discussion

In the introduction we acknowledged that the extent of our study area was determined by
colonial boundaries, which do not reflect the traditional territories or jurisdictions of the many
First Nations located within this region. We start this discussion by acknowledging that in the
future it could be useful to reframe the methods and results to explicitly consider Indigenous
rights, jurisdictions, and priorities, if this would be of interest to Indigenous governing bodies.
This could include considering the colonial roots of climate change, taking an environmental
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justice lens to consider disproportionate impacts on Indigenous and other marginalized
communities, or remapping and synthesizing results for specific Indigenous territories.

Regarding our first objective, we found that low flows in rainfall-dominated catchments are
currently lower than at any point during the 20" century, and there are strong drying trends over
the last few decades. There are similar drying trends in hybrid catchments, but drought was
probably as common during the 1920’s and 1930°s as it is now. We did not find strong trends in
snowmelt or glacial catchments since 1950, but our hindcasts indicate that summer flows in the
early 20™ century were probably substantially lower than they are now. However, these hindcasts
should be interpreted with caution as the ANUSPLIN data are less accurate prior to 1950.

Our second objective was to analyse the drivers of low flows, with particular attention to the
impact of changing winter snow accumulation (Barnett et al., 2005) and recent work indicating
that the impact of evapotranspiration and summer temperature may be increasing (Boeing et al.,
2024; Brunner et al., 2021).

We found low flows have not been very sensitive to winter storage of snow and groundwater. In
section 3.2 we found small correlations between winter maximum snow water equivalent and
near-zero correlations with end-of-winter baseflow. We also found some evidence that the effect
of snowpack has been non-stationary (the correlations have shrunk in recent years) in hybrid and
snowmelt-dominated catchments. Low flows below the 10™ percentile occur regularly in years
with above-average snowpack and have even been observed in years with snowpack above the
90" percentile. In Section 3.4 we found that winter precipitation and temperature anomalies have
not contributed substantially to decadal variability in Q7min. These findings are consistent with
some past sensitivity analyses, including Cooper et al. (2018) who found low sensitivities to
snow in the northwestern United States, and Floriancic et al. (2020) who found similar results in
Switzerland.

However, sensitivity analyses rely on historical data, and the magnitude of future declines in
snow accumulation may be much larger than the variability in the historical record. A very large
decline multiplied by a small sensitivity could still result in a large impact to low flows, as
predicted by Barnett et al. (2005) and Dierauer et al.(2021). We also found that sensitivities to
groundwater storage were usually smaller than sensitivities to snow storage, suggesting that
groundwater will not adequately buffer against the effects of declining snowpack. We propose
that studies that investigate low flow drivers should consider both historical sensitivities and the
magnitude of projected changes in each driver.

Across all regimes, accelerated summer recession has been the most important driver of summer
low flows. In section 3.2 we found that on average, a 1 standard deviation-increase summer
precipitation leads to half a standard deviation increase in log(Q7min). The opposite is probably
true for Tsummer in hybrid and rainfall regimes, although this relationship is obscured by
collinearity with several other predictors. The correlations with Tsummer are weaker in snowmelt-
dominated catchments, probably because these regimes are more water-limited than energy-
limited: the average mean annual precipitation in snowmelt-dominated catchments is only 840
mm, compared to 2191 mm in rainfall-dominated, 1145 mm in hybrid, and 1163 mm in glacial
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catchments. In glacial catchments correlations with Tsummer are often positive, probably because
increasing meltflow contributions at higher temperatures offset losses due to increased ET.

Our predictive regression models tell a similar story. These models predict that low flows are
most influenced by temperature and precipitation over a period of about 4 months (Figure 4).
Temperature generally exerts a negative influence on low flows, except for short-term
temperature (up to 1 month) in snowmelt-dominated and glacial catchments, where it tends to
increase flows.

We hindcasted anomalies in Q7min from 1901-2022 and found that these anomalies were
primarily driven by precipitation variability except in rainfall-dominated catchments where
temperature has also played a dominant role. Warmer temperatures over the last 30 years have
also exerted negative pressures on Q7min in hybrid and snowmelt-dominated catchments (Figure
6). This finding is robust across four climate datasets (Appendix H).

These results align with those of Brunner et al. (2021) and Kormos et al. (2016), who studied the
US portion of the Pacific Northwest. However, our finding that summer temperature is an
important driver of low flows stands in contrast to the conclusion of Floriancic et al. (2021) who
argued that summer ET was not a driver of low flows in this region. Their argument relied on the
fact that low flow timing in this region (late August — October) is not coincident with the timing
of maximum ET (July or August). However, their analysis did not consider that precipitation
often remains low across the region until mid-Autumn, so the water balance typically remains in
deficit even though ET is not at a maximum in September and October. We have shown here that
temperature over a period of about 4 months (not just the 30-day windows used by Floriancic
and colleagues) strongly influences the severity of low flows in the late summer and early
autumn.

The effect of temperature on low flows may be changing, but the evidence is mixed. By
including (Tsummer)* in our explanatory regressions, we found some evidence of nonlinearity (that
the effect of summer temperature dissipates at high temperatures) in colder catchments. This is
corroborated by the finding that the effect of summer temperature in hybrid and snowmelt-
dominated catchments has been nonstationary, and has decreased in more recent (warmer) years.
These findings are physically plausible if evapotranspiration in these catchments is becoming
more water-limited, rather than energy-limited (Barnett et al., 2005). On the other hand, when
substituting space for time, we found that the effect of temperature tends to be stronger in
warmer catchments within each regime: this is opposite to the expected behaviour if the warmest
catchments are the most water limited. We also did not find evidence of non-stationarity in the
residuals of the predictive regression models, so we conclude that any mechanistic non-
stationarity has probably had minor effects on overall low-flow behaviour.

Importantly, in rainfall-dominated catchments, which have seen the most severe declines in low
flows, and where rising summer temperatures have had the largest effect, the effect of
temperature does not appear to dissipate at high temperatures and has remained robust in recent
years.
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Transmission losses appear to play a secondary role in controlling low flows. We found mostly
negative but small correlations of T7 with log(Q7min), particularly occur in rainfall and hybrid
catchments. These represent transmission losses: when temperatures are high, ET from open
water and from riparian zones increases. This leads to a temporary reduction in streamflow that
may rebound once temperatures decrease. On the other hand, in snowmelt-dominated and glacial
regimes temporary increases in temperature can lead to increased meltflow (Stahl & Moore,
20006).

We note that our catchment classification was defined using data from 1991-2020, but many
catchments are transitioning from snowmelt-dominated to hybrid regimes. From 1951 to 2022
approximately one third of snowmelt-dominated catchments transitioned to the hybrid regime
and the hybrid regime more than doubled in size. Due to glacial retreat, some catchments also
transitioned from the glacial regime to a snowmelt-dominated regime. With further warming
these shifts are likely to continue, and many currently snowmelt-dominated catchments may
behave more like hybrid catchments. They may begin to see more negative trends in low flows,
and may become more sensitive to summer temperature.

Beginning in earnest around 1950, surface and groundwater abstraction has reduced summer low
flows in many parts of the province. We estimate that total water use has exceeded 10% of low
flow discharge in 30% of the catchments studied. Although the regime-average anomalies in
Q7min associated with abstraction are estimated to be small (0% in glacial catchments, up to 13%
in hybrid catchments), many individual catchments have seen much larger reductions.

We were unable to find strong evidence of the impact of harvesting on low flows, although
several of our analyses did point towards reduced low flows for 5-20 years post-harvest in
snowmelt-dominated catchments. This is the opposite of the typical response reported in the
literature, but several reviews have shown that responses are highly heterogeneous and difficult
to predict (Coble et al., 2020; Goeking & Tarboton, 2020; R. D. (Dan) Moore et al., 2020).

(as presented here) are less robust and statistically powerful than paired catchment studies. The
issues they raised are compounded here by the gradual nature and low levels of disturbance in
most of the studied catchments as well as the uncertain quality and completeness of historical
forestry and fire data.

Our third objective was to build regression models to predict and hindcast low flows from 1901-
2022. Our predictive regression models predict low flows much more accurately than models
currently being used for climate change impact assessment (Pacific Climate Impacts Consortium,
2020). We found that the regression models had low levels of residual autocorrelation and non-
stationarity. Some caveats do apply to our historical reconstructions. Land use changes over the
past century may have led to other forms of mechanistic non-stationarity. Our analysis of
stationarity was based on a before/after analysis split at 1997; we do not have enough data to
evaluate stationarity at the time scale of a century. The climate data on which the models are
based are less accurate for the early 20™ century because meteorological stations were more
sparsely distributed (MacDonald et al., 2020), and we found that there may be temporal
inconsistencies in the ANUSPLIN data. Nevertheless, streamflow records from the few
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hydrometric stations with continuous records throughout the 1920°s and 1930’s largely confirm
very low flows in these decades. Long-term records for some select stations are shown in
Appendix F. See, for example Figure F14 (South Thompson River, a tributary of the Fraser), or
Figure F20 (the Columbia River).

We can also look to anecdotal evidence to confirm historical droughts. In our reconstruction,
1929 was the year with the highest number of hybrid catchments experiencing Level 5 drought.
Newspaper records show that the region was so dry in 1929 that Vancouver and Seattle’s
hydroelectric reservoirs almost ran out of water!, water was rationed?, wells ran dry, and Catholic
clergy appealed for divine intervention®. In those years newspapers also regularly ran headlines
with dire warnings that salmon stocks were disappearing®. Most Canadian articles from the time
blamed dwindling salmon stocks on overfishing, American traps, seals, and dam construction,
but in 1929 the Washington State Supervisor of Fisheries, Charles Pollock, identified that
“Drought is imperiling the fish industry of the Pacific northwest”. 1929 drought levels were
equaled in 2022.

For rainfall-dominated catchments, the most drought-stricken year in our reconstruction was
1958 which, according to tree-ring data from Vancouver Island, may have been the driest year for
350 years (Coulthard et al., 2016). In snowmelt-dominated and glacial catchments 1928 and

1919 take the top spots; 1928 was the start of a 5-year drought in the Quesnel Basin (Brice et al.,
2021) but 1919 does not stand out in paleohydrological studies. In snowmelt and glacial
catchments 1904 and 1905 each take 2" place in our reconstruction; 1905 took 4™ place in the
River (Welsh et al., 2019), and 1904-1905 was the second worst drought in a separate 300-year
tree-ring reconstruction of snow droughts in Southwestern BC (Mood et al., 2020).

5 Conclusions

We have shown that linear regression provides a simple, highly interpretable, and surprisingly
accurate way of analysing and predicting low flows across a diverse range of hydrologic
regimes. First, we assessed low-flow sensitivities to various climate and anthropogenic drivers
and examined whether these sensitivities were changing. We then developed predictive
regression models that outperformed process-based models on every standard goodness-of-fit
metric. These regression models require just monthly temperature, precipitation, and water
abstraction data, so we were able to hindcast droughts, environmental flow transgressions, and
low flow anomalies to 1901. Due to the additive nature of the models, we were able to
disaggregate these anomalies by driving mechanism, and so corroborate our sensitivity analysis.

! Capilano Flow Hits New Low (1929, December 3). The Vancouver Daily Province, p. 5.

2 Plan to Curtail Street Lighting As Power Economy (1929, November 27). The Vancouver Sun, p. 1.

3 Prayers for Rain Ordered by Archbishop (1929, November 29). The Vancouver Daily Province, p. 1.

4 See, for example: B.C. Salmon Run Tends to Decline (1933, August 11). The Vancouver Daily Province, p. 1.;
Malloy, M. (1921, October 9). What is a Poor Fish to do? Government Conservation Tactics Fail to Protect the
Fraser River’s Former Wealth; Sockeye Salmon, under Conservation, are Disappearing. The Vancouver Sun, p. 30;
Y, E. M. (1920, February 15). Preservation of Salmon Problem for Authorities. The Vancouver Sun, p. 7; Says
Salmon Runs Facing Destruction (1922, September 22). The Vancouver Sun, p. 1;

5 Associated Press: Fish Affected (1929, December 6). The Vancouver Sun, p.14.
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We propose that these regression techniques could be useful for explaining and predicting low
flows and droughts in other regions.

Rainfall-dominated and hybrid catchments have seen large and statistically significant decreasing
trends in the annual summer minimum flow. Rainfall-dominated catchments are now
experiencing streamflow drought and environmental flow transgressions more often than at any
point over the past 122 years. Hybrid catchments, on the other hand, are experiencing conditions
about as dry as the 1930’s. However, negative low flow anomalies through the Great Depression
were caused by lack of precipitation while present-day low flows are being driven by warming
temperatures, despite above-average precipitation.

Summer low flows in snowmelt-dominated and glacial catchments have not shown strong trends
since the 1950s but seem to be substantially higher than flows during the early 20" century. We
found that these catchments are primarily sensitive to summer rainfall. Sensitivity to temperature
is low, probably because high temperatures induce melting which offsets increased evaporative
losses in glacial catchments and because snowmelt-dominated catchments tend to more water-
limited than energy-limited. However, we note that our catchment classification indicated that
about one third of previously snowmelt-dominated catchments have become hybrid. If this shift
continues then many catchments currently classified as snowmelt-dominated may become more
sensitive to temperature and summer low flows may begin to decline.

We found that winter conditions and annual snow accumulation have historically only weakly
driven variability in low flows. However, climate-change-induced reductions in snowpack and
glacial extent will probably be large compared to historical variability, and this large change
combined with a weak sensitivity could still result in large reductions in low flow (J. R. Dierauer
et al., 2021; Schnorbus et al., 2014).
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A variety of catchment classification schemes have been proposed in the literature for Pacific Northwest
streams. Wade et al. (2001) classified streams by qualitatively analysing annual hydrographs and runoff
calculations. Similarly, Fleming et al. (2007) used a qualitative evaluation of the average annual
hydrograph of each river; hybrid regimes were those that “consistently display two seasonal peaks.”
Wenger et al. (2010) and later Kormos et al. (2016) classified streams by the centre of timing of streamflow
(CT, days since start of water year) with CT<150, 150<CT<200, and CT>200 corresponding to pluvial,
transitional, and nival regimes. Chang et al. (2012) classified catchments by mean basin elevation. Cooper
et al. (2018) used the ratio of snow-water equivalent to total annual precipitation to distinguish rain-
dominated and snow-dominated catchments. (Islam et al., 2019) use a snowmelt pulse detection
technique based on the work of Cayan et al. (2001) and Fritze et al. (2011). Mohan et al. (2023) classified
regions of BC as rainfall-dominant when low flows occur in late summer and snowfall-dominant when low
flows occur in winter. Déry et al. (2009) qualitatively classified 9 BC streams as Pluvial, Nival, and Glacial.

For the purposes of low flow analysis, the definition proposed by Fleming et al. (2007) is the most relevant.
The consistent appearance of two seasonal peaks also guarantees the appearance of two seasonal low
flow periods. Thus, we define pluvial regimes as those with a single low flow period in the warm season.
Nival regimes are those with a single low flow period in cold seasons, and hybrid regimes are those that
have two distinct low flow period.

We define the warm season as the snow-free season, based on the monthly average snow-water-
equivalent (SWE) for the period 1985-2014, using data from the ERA-5 Reanalysis (Mufioz Sabater, 2019).
We define the snow disappearance date (SDD) and snow appearance date (SAD) as the first (last) month
of the year for which the catchment-average SWE is less than 1 mm. For catchments with perennial snow
or ice cover in parts, we define the SDD (SAD) as the first (last) month for which SWE is within the bottom



10% of the annual range. The snow maximum date (SMD) is the month with the highest average snow
accumulation.

We designed an algorithm to classify the catchments by their annual hydrographs. We construct the
annual hydrograph by averaging the 30-day flows (Q30) from all available years.

We define the low-flow month based on the timing of the minimum warm-season flow on the average
annual hydrograph. We also define the low-flow season as the low-flow month %1, as long as the
neighboring months are within the previously defined warm season.

The following equations refer to the average Q30.
We define four variables:
Qminwinter is the minimum cold-season flow.

Qmax.Freshet 1S the maximum spring flow, which occurs after Qpin.winter, during or after the month of
maximum snow accumulation (SMD), and during or before the month of the snow disappearance date
(SDD). This flow is attributed to the freshet peak.

Qmin.summer is the low-flow season minimum flow.

Qumax.autumn S the maximum Autumn-Winter flow (October to December). This flow is attributed to
increased autumn-winter rainfall. Q;ax.4utumn 1S lso constrained to occur after Qpin summer-

We define snow-affected catchments as those with a substantial freshet (at least 1.5X larger than the
winter minimum flow):

snow.af fected = Qmax.rreshet > 1.5 X Qminwinter

We define rain-affected catchments as those with a substantial autumn rainfall peak (sometimes called
an autumn freshet). In these catchments, increased autumn rainfall more than compensates for
catchment drainage from summer to autumn. Autumn precipitation also typically falls as rain, rather than
snow. Similar to the definition of snow-affected catchments, we require the peak to be 1.5X larger than
the minimum.

rain. affeCted = Qmax.Autumn > 1.5 X Qmin.Summer

If both rain. af fected and snow. af fected are true, then the catchment is classified as hybrid. If only
snow. af fected is true, then the catchment is snowmelt-dominated, and if only rain. af fected is true
then the catchment is rainfall-dominated.

Lastly, if over 5% of the catchment area is glaciated, we classify the catchment to be glacial, overriding
any prior classification. We computed the average glacial coverage from 1991-2020 by spatially overlaying
catchment polygons with glacial extent polygons (Bevington & Menounos, 2022)

Two catchments on the island of Haida Gwaii (Honna River Near the Mouth, 080A004 and Tarund| Creek
Near Queen Charlotte, 08HAQO5) have few years of winter data, so their annual hydrographs are noisier
than the hydrographs for other catchments. These catchments are pluvial, but the algorithm incorrectly
identified winter rainfall-induced runoff peaks as freshets, so the catchments were incorrectly classified
as hybrid.



Sensitivity to snow data

The ERA5-Land SWE data, which are used to determine the SMD, SDD, and SAD, are provided at a grid
resolution of 0.1 degrees (~10 km), which is larger than some of the catchments. The grid-cell SWE may
thus not be representative of the catchment SWE. In particular, catchments with a mean elevation
significantly higher than the ERA5-Land grid cell elevation may have a later SMD and SDD and an earlier
SAD.

We tested the sensitivity of the algorithm to the SWE data by changing each variable (SMD, SDD, and SAD)
by +/- 1 month, for 64 non-glacial catchments smaller than 100 km?. Only 12 catchments changed
classification under any of the changes. 11 hybrid catchments could be reclassified as snowmelt-
dominated due to an earlier SAD (8 catchments), a later SDD (2 catchments) or a later SAD (1 catchment).
1 hybrid catchment could be reclassified as rainfall-dominated due to a later SMD.

Some of these changes are plausible. For example, two of these small catchments are located about 300 m
above the mean ERA5-Land grid cell elevation, so it is likely that the SDD really is later,, and the SAD is
earlier. However, for most of the catchments — 218 of 230 — the regime classification is insensitive to the
large grid size of the SWE data.

Comparison to Previous Classification Schemes

The classification presented here differs somewhat from previous classifications. We implemented
algorithms proposed by Wenger et al. (2010), Chang et al. (2012), and Cooper et al. (2018). The following
contingency tables compare our classification algorithm with the algorithms used by these authors. We
also compare our classification against the qualitative classifications published by Wade et al. (2001),
Fleming et al. (2007), and Déry et al. (2009).

Wenger et al. (2010)

Table Al presents a confusion matrix comparing the regimes as classified here against those predicted by
the algorithm of Wenger et al. (2010), based on the centre of timing. Overall, there is 69% agreement.
However, much of this disagreement occurs because our “hybrid” category is much more expansive than
Wenger’s “transitional” category (79 catchments in our hybrid category and only 7 in Wenger’s
classification). The two schemes generally agree on the rainfall-dominated regime, although 5 watersheds
classified as hybrid in this scheme are classified as rainfall-dominated in Wenger’s scheme.

Table Al1: Contingency table for regime classification, comparison to Wenger et al. (2010). Cells denoting agreement are
bolded.

Wenger et al. (2010)

Rainfall Transitional Snowmelt
Rainfall 28
@05 Hybrid 7 67
L S
3 Snowmelt 89
Glacial 34

Chang et al. (2012)

Table A2 compares our classification to the elevation-based classification used by Chang et al. (2012).
There is only 41% agreement between the two schemes and troublingly, Chang et al. classify as rainfall-



dominated 6 catchments that we classify as snowmelt-dominated or glacial. Also, their scheme classifies
only six catchments as snowmelt-dominated (mean elevation above 2000 m above sea level).

Table A2: Contingency table for regime classification, comparison to Chang et al. (2010). Cells denoting agreement are bolded.

Chang et al. (2012)

Rainfall Hybrid Snowmelt
Rainfall 28
o3 Hybrid 18 61 0
£ 35
- & Snowmelt 5 81 3
Glacial 1 30 3

Cooper et al. (2018)

Table A3 compares our classification to the scheme used by Cooper et al. (2018). They classified
catchments according to the ratio of maximum snow water equivalent to annual precipitation.
Catchments with a ratio greater than 0.2 were classified as snow-dominated. Although their scheme did
not classify as rainfall-dominated any catchments that we classified as hybrid, snowmelt, or glacial, their
scheme is highly skewed towards the snowmelt category for our sample. They also did not include a hybrid

category. Overall there was 64% agreement.

Table A3: Contingency table for regime classification, comparison to Cooper et al (2018). Cells denoting agreement are bolded.

(Cooper et al., 2018)

Rainfall Snowmelt
Rainfall 24 4
o3 Hybrid 1 78
L >
[l Snowmelt 89
Glacial 34

Wade et al. (2001)

Twenty-three (23) catchments in our study were also classified by Wade et al. (2001) based on
consideration of climate, hydrologic, and elevation data. We ran our classification algorithm on
hydrometric data from the same stations up to the year 2000, to match the data available to Wade et al.
Table A4 shows a comparison of their classification with ours. Overall, our classification agrees with Wade
et al. (2001) in 18/23 (78%) of the catchments. There are no egregious differences (none of our ‘rainfall-
dominated’ catchments were classified by Wade et al as Snowmelt/Glacial or vice versa).

Table A4: Contingency table for regime classification, comparison to Wade et al. (2001). Cells denoting agreement are bolded.

(Wade et al., 2001)

Rainfall Hybrid Snowmelt/Glacial
Rainfall 8 3
o3 Hybrid 5 1
L S
- 4 Snowmelt 1
Glacial 1 4




Fleming et al. (2007)

Six catchments in our study were also classified by Fleming et al. (2007), based on a qualitative assessment
of the hydrographs. We ran our classification algorithm on hydrometric data from the same stations up
to the year 2003, in order to match the data available to Fleming et al. Table A5 shows a comparison of
their classification with ours. Their classification combined snowmelt-dominated and glacial catchments
into one ‘nival’ category but otherwise there is perfect (100%) agreement between our classification and

theirs.

Table A5: Contingency table for regime classification, comparison to Fleming et al. (2007). Cells denoting agreement are
bolded.

Fleming et al. (2007)

Pluvial Hybrid Nival
Rainfall 3
-y Hybrid 2
£ 5
- & Snowmelt
Glacial 1

Déry et al. (2009)

Eight catchments in our study were also qualitatively classified by Déry et al. (2009). We ran our
classification algorithm on hydrometric data from the same stations up to the year 2006, in order to match
the data available to Fleming et al. Table A6 shows a comparison of their classification with ours. They
assigned pluvial, nival, and glacial categories (no hybrid category). There is perfect agreement between

our classification and theirs.

Table A6: Contingency table for regime classification, comparison to Déry et al. (2009). Cells denoting agreement are bolded.

Déry et al. (2009)

Pluvial Nival Glacial
Rainfall 2
>. .
Q2 5 Hybrid
L >
[ Snowmelt 3
Glacial 3

Moore et al (2011)

Eight catchments in our study were also qualitatively classified by Moore et al. (2012). We ran our
classification algorithm on hydrometric data from the same stations up to the year 2000, in order to match
the data available to Moore et al. They assigned five categories, differentiating hybrid catchments into
rain-dominant and snow-dominant subtypes. Our classification agrees in 7 of 8 catchments; one
catchment that they classified as a rain-dominant hybrid catchment we classified as rain-dominated.



Table A7: Contingency table for regime classification, comparison to Moore et al (2012). Cells denoting agreement are bolded.

Moore et al (2012)

Pluvial Hybrid (rain dominant) Hybrid Nival Glacial
(snow
dominant)

Rainfall 2 1
o Z Hybrid 2
£ 3
3 Snowmelt 1

Glacial 2

Our scheme relies on direct observations of the dominant processes, rather than somewhat arbitrary
cutoffs based on the center of timing, elevation, or the ratio of maximum snow water equivalent to
precipitation. Our classification agrees reasonably well with past qualitative assessments but has the
benefit of reproducibility over qualitative assessments.

Regime changes

We also evaluated whether regimes have changed over time. We ran the classification algorithm on 30-
year intervals beginning between 1951 and 2011. The last two intervals (beginning in 2001 and 2011) were
necessarily shorter than 30 years. Of our 230 catchments, 112 had enough data to classify the regime in
each interval (at least 10 years of data or glacial cover >5%). We also conducted the analysis over a shorter
period, with intervals beginning between 1961 and 2001; 175 catchments were eligible for these years.

For glacial coverage, we used the annually resolved glacier extents developed by Bevington & Menounos
(2022), which are available from 1984-2021. Glacier retreat In British Columbia stabilized and even
reversed for some glaciers between 1950-1980 (Beedle et al., 2015; Koch et al., 2009; Moore et al., 2009;
Osborn & Luckman, 1988), so we assumed that glacier extents from 1951-1983 were equal to the average
extent from 1984-1990.

Figure Al shows the evolution of the regime classification for both analyses. Over the last 70 years, many
snowmelt-dominated catchments have transitioned to the hybrid regime.
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APPENDIX B: WATER USE ESTIMATION

We estimated both surface water and groundwater use. The total water use for each year is the sum of
the two estimates. We followed the estimation framework used by Barroso and Wainwright (2020).

Licensed Surface and Ground Water

Geo-located data on surface and ground water licenses were downloaded from British Columbia’s data
warehouse (BC Ministry of Forests, 2023) on August 29, 2023. We excluded licences for uses in the winter
or early spring as well as licenses that represent non-consumptive use. Table B1 lists the license purpose
codes for licenses located within the 230 studied catchments.

We assumed that all users draw the maximum licensed amount each year from the license priority date
to the date when the licenses is cancelled or abandoned. We did not account for license expiry dates, but
only 20 (less than 0.1%) of the licenses have expired.

Unlicensed Groundwater Use

Groundwater licensing began in British Columbia in 2016 but most groundwater users are not licensed.
We estimated groundwater use for unlicensed wells based on provincial well records (BC Ministry of
Environment and Climate Change Strategy, 2023) and property assessment data collected by the (BC
Assessment Authority, 2022).

First, we spatially filtered wells to the 230 studied catchments and removed wells whose tag numbers
were also found in the water license data. We then filtered to wells with “Well Class” of Water Supply or
Unknown, and removed wells with an “Intended Use” of Observation Well, Test, or Open Loop
Geoexchange. We spatially joined the remaining wells to the BC Asessment parcels (individual properties).

For wells with an “Intended Use” of Private Domestic we assumed water consumption of 1.75 m3/day. For
wells with an “Intended Use” of Irrigation we assumed a standard irrigation duty of 1 acre-foot per year,
over a reference area of half the property size. These estimates are consistent with Barroso and
Wainwright (2020).

For wells with other “Intended Use” codes, located within properties used as for a variety of commercial
and community purposes, we assumed water consumption of 1-10 times the domestic rate. This included
campgrounds, seasonal resorts, motels, restaurants, service stations, churches, and community halls.

For wells located within golf courses we assumed a standard irrigation duty of 1 acre-foot per year over
the full property area.

At this point, we assumed any wells for which use had not already been estimated, and for which the
property use was “Grain & Forage”, “Vegetable & Truck” or other agricultural purposes, had a standard
irrigation duty of 1 acre-foot per year, over half the property. For orchards and vineyards 0.5 acre-feet per
year was assumed.

For other property uses, including sawmills, various types of mining operations, airports, sand and gravel
quarries, concrete plants, we analysed water licenses located within the same property use type and
assigned a reasonable value to unlicensed wells.

Lastly, for wells that were still not assigned an estimated water use rate we assumed private domestic use
(1.75 m3/day).
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For properties with more than one well with the same intended use (eg. two irrigation wells) we divided
the use for each well by the total number of wells.

We assumed water use started when the well was constructed.
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Table B1: Summary of included and excluded licences

Code Purpose # Licenses Included?
01A Domestic 10527 YES
03B Irrigation: Private 6056 YES
02131 Livestock & Animal: Stockwatering 960 YES
WSA08  Livestock & Animal 406 YES
WSA01  Domestic (WSAO01) 391 YES
00A Waterworks: Local Provider 383 YES
02D Comm. Enterprise: Enterprise 342 YES
00B Waterworks (other than LP) 154 YES
05D Mining: Placer 149 YES
WSA03  Commercial Enterprise 133 YES
WSA02  Camps & Public Facilities 115 YES
02F Lwn, Fairway & Grdn: Watering 114 YES
03A Irrigation: Local Provider 106 YES
02E Pond & Aquaculture 104 YES
02142 Lwn, Fairway & Grdn: Res L/G 104 YES
02108 Transport Mgmt: Dust Control 84 YES
02B Processing & Mfg: Processing 47 YES
02137 Camps & Pub Facil: Work Camps 40 YES
02112 Misc Ind'L: Fire Protection 37 YES
05C Mining: Processing Ore 33 YES
WSA11  Lawn, Fairway & Garden 33 YES
02127 Misc Ind'l: Sediment Control 28 YES
02G Fresh Water Bottling 27 YES
02102 Camps & Pub Facil: Non-Work Camps 24 YES
02C Cooling 21 YES
05A Mining: Hydraulic 17 YES
02125 Camps & Pub Facil: Public Facility 16 YES
WSA09  Processing & Manufacturing 16 YES
02117 Grnhouse & Nursery: Grnhouse 15 YES
02121 Camps & Pub Facil: Institutions 14 YES
WSA10  Well Drill/Transprt Mgmt 12 YES
02135 Waterworks: Water Delivery 11 YES
WSAO05  Greenhouse & Nursery 10 YES
WSA12  Vehicle & Equipment 9 YES
02138 Fish Hatchery 8 YES
05B Mining: Washing Coal 8 YES
09B Mineralized Water: Comm. Pool 8 YES
02124 Misc Ind'l: Overburden Disposal 7 YES
02122 Grnhouse & Nursery: Nursery 6 YES
09A Mineralized Water: Bottling & Dist 6 YES
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Table B1 (continued)

Code Purpose #Licenses Included?
02103 Camps & Pub Facil: Church/Com Hall 5 YES
02111 Processing & Mfg: Fire Prevention 4 YES
02139 Vehicle & Egpt: Mine & Quarry 4 YES
02146 Transport Mgmt: Road Maint. 4 YES
02A Pulp Mill 3 YES
02107 Ind'l Waste Mgmt: Effluent 3 YES
02133 Vehicle & Eqpt: Truck & Eqp Wash 3 YES
02109 Camps & Pub Facil: Exhibition Grnds 2 YES
02118 Heat Exchanger 2 YES
02132 Swimming Pool 2 YES
02147 Heat Exchanger, Residential 2 YES
WSAO04  Crop: Harvest/Protect/Compost 2 YES
02H Bulk Shipment for Marine Trans 1 YES
02101 Vehicle & Eqpt: Brake Cooling 1 YES
02104 Conveying (Inactiv 1 YES
02109 Camp & Pub Facil: Exhibition Grnds 1 YES
02116 Ind'l Waste Mgmt: Garbage Dump 1 YES
02126 River Improvement 1 YES
02128 Ind'l Waste Mgmt: Sewage Disposal 1 YES
Transport Mgmt: Tunnelling/Well
02143 Drilling 1 YES
04B Land Improve: Rehab/Remed 1 YES
08A Stream Storage: Non-Power 1026 NO
11A Conservation: Storage 251 NO
04A Land Improve: General 237 NO
07A Power: Residential 166 NO
11B Conservation: Use of Water 109 NO
07C Power: General 74 NO
11C Conservation: Construct Works 73 NO
WSAO7  Misc Indust 47 NO
01A01 Incidental - Domestic 39 NO
07B Power: Commercial 39 NO
02130 Ice & Snow Making: Snow 21 NO
12A Stream Storage: Power 17 NO
02106 Misc Ind'l: Dewatering 5 NO
08B Aquifer Storage: NP 4 NO
02114 Crops: Frost Protection 1 NO
WSA06  Ice & Snow Making 1 NO
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APPENDIX C: TREND TESTS

Table C1 shows the number positive and negative, and significant trends for all regimes and months, as
well as for the low-flow season (overall). Figure B1 shows maps of the trends for the low flow in each
month.

Table C1: Overall and month-specific trends in log(Q7min). The trend direction is based on Sen’s slope. The numbers in
parentheses indicate the number of significant trends, based on a Mann-Kendall trend test for autocorrelated data (Hamed &
Ramachandra Rao, 1998).

Regime Month # Negative Trends  # Positive Trends Total
(# significant) (# significant)
Overall 174 (50) 56 (5) 230
July 201 (58) 29 (5) 230
All August 210 (104) 20 (4) 230
September 174 (50) 56 (6) 230
October 131 (21) 97 (8) 228
Overall 27 (16) 1(0) 28
July 27 (14) 1(0) 28
Rainfall August 27 (15) 1(0) 28
September 23 (11) 5(0) 28
October 16 (3) 10 (0) 28
Overall 74 (22) 5(1) 79
July 74 (22) 5(2) 79
Hybrid August 75 (37) 4(2) 79
September 70 (26) 9(2) 79
October 49 (11) 30 (2) 79
Overall 61 (11) 28 (3) 89
July 76 (17) 13 (1) 89
Snowmelt August 82 (41) 7 (1) 89
September 69 (12) 20 (1) 89
October 54 (7) 35 (4) 89
Overall 12 (1) 22 (1) 34
July 24 (5) 10 (2) 34
Glacial August 26 (11) 8(1) 34
September 12 (1) 22 (3) 34
October 12 (0) 22 (2) 34
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APPENDIX D: SENSITIVITY AND STATIONARITY
This appendix provides additional robustness checks for Section 3.2.

Figure D1 shows Pearson correlation coefficients for each of the eight tested variables. This differs from
the analysis presented in Figure 3 in the main text, where we showed the coefficients from a multiple
regression model with all variables standardized to mean of 0 and unit variance. We found correlations
with SWEma.x were generally slightly stronger but still not very large. Correlations with BFyinter were similarly
small, and correlations with Psummer Were similarly large or slightly larger. Pearson correlations with Tsummer
and T; were substantially larger than the standardized regression coefficients, due to multicollinearity
with other variables in the multiple regression. Correlations with abstraction, ECA,, and ECA,, varied
somewhat but not predictably.

Figure D2 shows results using two alternatives to SWEmax (SWEfixeds and SDD). SWEriedq is the SWE for a fixed
month each year (rather than the maximum accumulation). The timing for each catchment is set to the
median peak accumulation month (except when that month is January or February, in which case we used
March SWE).

SDD is the snow disappearance date, calculated from ERA5-Land daily data. Since some catchments have
glaciers and perennial or semi-perennial snow cover, we defined the SDD as the last day for which the
catchment-average SWE was above a threshold SWEihreshold:

SWEthreshold = SWEmm + (SWEmax - SWEmln) *0.1

Where SWE,,,;,, and SWE,,,.« are the average minimum and maximum SWE from 1991-2020. For years
when the SWE was never below SWEinreshoia We set the SDD to day 275 (October 1%in non-leap years).

There were no major differences in the correlation strength between SWEmax and SWEsixeq. SDD is more
highly correlated with Q7min in colder catchments, likely because it represents the effects of both winter
snow accumulation and summer melting.

Figure D3 shows results using 18 different definitions of the baseflow variable. All results indicate minor
effects of winter baseflow/groundwater storage on summer low flows.

Figure D4 shows a figure analogous to Figure 3 in the main text, but using Pwinter and Tuwinter instead of
BFwinter and SWEmax. The effect of these variables was similar.

Figure D5 shows figures analogous to Figure 3 in the main text but computed for each month between
July and October (instead of using the overall Q7min). SWEmax and Tsaummer have larger impacts on flows
earlier in the season (July and August), while Psummer has a larger impact later in the season. The effect of
all other variables is small in all seasons.

Tables D1-D4 show results of our stationarity tests, splitting the data at 1995, 1996, 1997, and 1998. Test
1 evaluates the percentage of catchments that show positive changes in each coefficient, while Tests 2
and 3 evaluate the percentage of catchments showing positive and significant changes. Overall there is
little evidence of non-stationarity in most variables. However, in hybrid and snowmelt-dominated
regimes, we do see consistent reductions in the effect of SWEmax (coefficients mostly decrease) and in
Tsummer (coefficients mostly become less negative).
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Table D1: Stationarity tests with split year 1995. The three tests correspond to the significance tests described in Section 2.4. The H-B test columns refer
to the Holm-Bonferroni method. Significant results after applying the Holm-Bonferroni method are bolded.

Test 1 (positive) Test 2 (positive, significant) | Test 3 (negative, significant)
Variable Regime N % H-B | % positive & H-B | % negative & H-B
positive p test significant p test significant p test
Rainfall 15 27% 0.12 0% 1.00 7% 0.54 15
SWE.... Hybrid 43 16% <0.0001  *** 0% 1.00 0% 1.00 43
Snowmelt 68 34% 0.01 1% 0.97 3% 0.86 68
Glacial 21 57% 0.66 0% 1.00 0% 1.00 21
Rainfall 15 13% 0.01 0% 1.00 0% 1.00 15
BF. o Hybrid 43 65% 0.07 9% 0.17 0% 1.00 43
Snowmelt 68 66% 0.01 3% 0.86 3% 0.86 68
Glacial 21 71% 0.08 0% 1.00 0% 1.00 21
Rainfall 15 67% 0.30 0% 1.00 0% 1.00 15
P Hybrid 43 42% 0.36 0% 1.00 7% 0.36 43
Snowmelt 68 53% 0.72 1% 0.97 1% 0.97 68
Glacial 21 81% 0.01 10% 0.28 0% 1.00 21
Rainfall 15 60% 0.61 7% 0.54 0% 1.00 15
To Hybrid 43 63% 0.13 12% 0.06 2% 0.89 43
Snowmelt 68 76% <0.0001  *** 0% 1.00 0% 1.00 68
Glacial 21 62% 0.38 10% 0.28 0% 1.00 21
Rainfall 15 60% 0.61 0% 1.00 0% 1.00 15
I Hybrid 43 60% 0.22 2% 0.89 0% 1.00 43
Snowmelt 68 26% 0.0001 ** 0% 1.00 7% 0.25 68
Glacial 21 38% 0.38 0% 1.00 10% 0.28 21

Holm-Bonferroni significance levels: * p<0.05, **p<0.01, ***p<0.001
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Table D2: Stationarity tests with split year 1996. The three tests correspond to the significance tests described in Section 2.4. The H-B test columns refer
to the Holm-Bonferroni method. Significant results after applying the Holm-Bonferroni method are bolded.

Test 1 (positive) Test 2 (positive, significant) | Test 3 (negative, significant)
Variable Regime N % H-B | % positive & H-B | % negative & H-B
positive p test significant p test significant p test
Rainfall 15 33% 0.30 0% 1.00 7% 0.54 15
SWE.... Hybrid 47 23% 0.0003 * 0% 1.00 0% 1.00 47
Snowmelt 69 30% 0.001 * 1% 0.97 3% 0.87 69
Glacial 21 57% 0.66 0% 1.00 0% 1.00 21
Rainfall 15 13% 0.01 0% 1.00 0% 1.00 15
BF. o Hybrid 47 72% 0.003 6% 0.42 0% 1.00 47
Snowmelt 69 68% 0.003 3% 0.87 1% 0.97 69
Glacial 21 71% 0.08 0% 1.00 0% 1.00 21
Rainfall 15 73% 0.12 0% 1.00 0% 1.00 15
P Hybrid 47 53% 0.77 0% 1.00 6% 0.42 47
Snowmelt 69 54% 0.63 6% 0.46 0% 1.00 69
Glacial 21 81% 0.01 19% 0.02 0% 1.00 21
Rainfall 15 60% 0.61 7% 0.54 0% 1.00 15
To Hybrid 47 68% 0.02 13% 0.03 2% 0.91 47
Snowmelt 69 80% <0.0001  *** 3% 0.87 0% 1.00 69
Glacial 21 76% 0.03 10% 0.28 0% 1.00 21
Rainfall 15 60% 0.61 0% 1.00 0% 1.00 15
I Hybrid 47 57% 0.38 2% 0.91 0% 1.00 47
Snowmelt 69 29% 0.0006 * 0% 1.00 9% 0.13 69
Glacial 21 43% 0.66 0% 1.00 10% 028 21

Holm-Bonferroni significance levels: * p<0.05, **p<0.01, ***p<0.001
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Table D3: Stationarity tests with split year 1997. The three tests correspond to the significance tests described in Section 2.4. The H-B test columns refer
to the Holm-Bonferroni method. Significant results after applying the Holm-Bonferroni method are bolded.

Test 1 (positive) Test 2 (positive, significant) | Test 3 (negative, significant)
Variable Regime N % H-B | % positive & H-B | % negative & H-B
positive p test significant p test significant p test
Rainfall 15 27% 0.12 0% 1.00 13% 0.17
SWE.... Hybrid 47 26% 0.001 * 0% 1.00 0% 1.00
Snowmelt 67 22% <0.0001  *** 1% 0.97 1% 0.97
Glacial 21 52% 1.00 0% 1.00 0% 1.00
Rainfall 15 13% 0.01 0% 1.00 0% 1.00
BF.. .. Hybrid 47 70% 0.01 6% 0.42 0% 1.00
Snowmelt 67 67% 0.01 6% 0.43 1% 0.97
Glacial 21 71% 0.08 0% 1.00 0% 1.00
Rainfall 15 67% 0.30 7% 0.54 0% 1.00
P Hybrid 47 53% 0.77 0% 1.00 4% 0.69
Snowmelt 67 48% 0.81 1% 0.97 1% 0.97
Glacial 21 81% 0.01 10% 0.28 0% 1.00
Rainfall 15 67% 0.30 7% 0.54 0% 1.00
To Hybrid 47 79% 0.0001 ** 11% 0.08 2% 0.91
Snowmelt 67 76% <0.0001  *** 0% 1.00 0% 1.00
Glacial 21 67% 0.19 0% 1.00 0% 1.00
Rainfall 15 60% 0.61 0% 1.00 0% 1.00
I Hybrid 47 51% 1.00 0% 1.00 0% 1.00
Snowmelt 67 34% 0.01 1% 0.97 7% 0.24
Glacial 21 43% 0.66 0% 1.00 10% 0.28

Holm-Bonferroni significance levels: * p<0.05, **p<0.01, ***p<0.001
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Table D4: Stationarity tests with split year 1998. The three tests correspond to the significance tests described in Section 2.4. The H-B test columns refer
to the Holm-Bonferroni method. Significant results after applying the Holm-Bonferroni method are bolded.

Test 1 (positive) Test 2 (positive, significant) | Test 3 (negative, significant)
Variable Regime N % H-B | % positive & H-B | % negative & H-B
positive p test significant p test significant p test
Rainfall 14| 29% 0.18 0% 1.00 0% 1.00
SWE.... Hybrid 41 27% 0.003 0% 1.00 0% 1.00
Snowmelt 66 24% <0.0001 ** 0% 1.00 2% 0.97
Glacial 22 50% 1.00 0% 1.00 0% 1.00
Rainfall 14 14% 0.01 0% 1.00 0% 1.00
BF. o Hybrid 441 68% 0.02 2% 0.90 0% 1.00
Snowmelt 66 62% 0.06 6% 0.42 0% 1.00
Glacial 22 68% 0.13 0% 1.00 0% 1.00
Rainfall 14| 64% 0.42 7% 0.51 0% 1.00
P Hybrid 44 52% 0.88 0% 1.00 5% 0.65
Snowmelt 66 50% 1.00 2% 0.97 0% 1.00
Glacial 22 82% 0.004 9% 0.30 0% 1.00
Rainfall 14| 64% 0.42 7% 0.51 0% 1.00
To Hybrid 44| 61% 0.17 7% 0.38 0% 1.00
Snowmelt 66| 73% 0.0003 ** 2% 0.97 2% 0.97
Glacial 22 64% 0.29 0% 1.00 0% 1.00
Rainfall 14| 64% 0.42 0% 1.00 0% 1.00
I Hybrid 44 50% 1.00 0% 1.00 0% 1.00
Snowmelt 66 32% 0.004 2% 0.97 3% 0.85
Glacial 22 41% 0.52 0% 1.00 9% 0.30

Holm-Bonferroni significance levels: * p<0.05, **p<0.01, ***p<0.001
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Introduction

Forest disturbance (wildfire, harvest, and/or insect-caused mortality) has been observed to both increase
and decrease warm-season low flows in the Pacific Northwest (Coble et al., 2020; Goeking & Tarboton,
2020; Moore et al., 2020). Here we aim to apply longitudinal analysis techniques that have been used on
individual catchments by others (eg. Zhang & Wei, 2012). We aim to investigate the effect that forest
disturbance may have had on our 230 catchments.

Data & Methods

Hypothesis Testing

For each year from 1900-2022 we calculated forest age on a 30 m raster grid across British Columbia,
based on wildfire and forest harvest polygons (cutblocks). The cutblocks data includes forest harvest
records from crown land (95.5% of British Columbia), but not Private Managed Forests. For this analysis
we excluded 30 watersheds for which private lands constitute more than 10% of the watershed area. We
also excluded 97 watersheds for which less than 10% of the drainage area is recorded as having been
logged or burned since 1900.

Zhang and Wei (2012) calculated ECA coefficients based on tree age-height relationships that decrease
monotonically (but not linearly) from 100% at year 0 to between 0 and 15% at year 60. However, there is
evidence of a range of recovery times, as well as non-monotonic recovery curves (Coble et al., 2020;
Moore et al., 2020), so we chose to test four ECA coefficients which decrease from 100% to 0% over 5, 10,
20 and 60 years, respectively. We calculated the Equivalent Clearcut Area (ECA) for each watershed and
each year, based on these four ECA coefficients. This allows us to test a variety of hydrologic recovery
times.

We assess the Spearman rank correlation between ECA and log(Q7min) after applying three data filtering
routines:

A) Jassby & Powell (1990) describe a method of drawing causal inferences from two
autocorrelated, possibly non-stationary time series. This method has applied in British
Columbia and elsewhere to study forestry effects on streamflow (Duan et al., 2017; Giles-
Hansen et al., 2019; Li et al., 2018; Zhang & Wei, 2012). First, both the independent variable
time series (ECA) and the dependent variable (log(Q7min)) are pre-whitened using an
ARIMA model. We use the ARIMA model with the best Akaike Information Criterion using
the automated routine implemented in R by Hyndman & Khandakar (2008).

B) We use the same pre-whitening strategy as 1) but for the dependent variable we use the
residuals from the optimized regression models (Section 3.4) instead of the time series of
log(Q7min). This should remove the variability associated with climate from the dependent
variable.

C) We use the residuals from the optimized regression models (same as 2) but skip the pre-
whitening of both time series. This is done because pre-whitening can result in low-
powered statistical tests.

For each routine above, we then evaluate three hypotheses that, if true, would suggest a consistent effect
of forest disturbance on low flows:
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H1:The number of significant (p<0.05) correlations will be greater than expected by chance
(5%). This is evaluated using a one-sided binomial test with probability = 0.05.

H2:The fraction of positive/negative correlations will be greater than expected by chance.
This is evaluated using a two-sided binomial test with probability = 0.5.

H3:The strength of the effect will be largest in catchments that have been most disturbed.
This is evaluated by regressing the estimated correlation coefficients on the fraction of the
catchment that has been harvested or burned since 1900. The regression is specified with
no intercept such than the effect for an undisturbed catchment is 0.
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Power Analysis

The pre-whitening strategy used in routines 1 and 2 lacks statistical power if there is a causal relationship
between the two time series variables and a trend in the independent variable causes a trend in the
dependent variable (Jassby & Powell, 1990). This is because the pre-whitening has the express purpose
of removing trends and other non-stationarities in the time series. Many of ECA times series in our sample
do show strong trends (mostly increasing since the 1950s), so it is likely that these analyses have low
statistical power. We therefore tested the statistical power of hypotheses H1 and H2 using Monte Carlo
analysis.

First, we found the Type | (false positive) error rate. For each catchment we:

1) Reordered the time series of log(Q7min) 1000 times.

2) Fit ARIMA models to each reordered series.

3) For each of the 1000 simulations, we calculated Spearman’s rank correlation coefficient
between the filtered ECA time series and the filtered log(Q7min) series.

4) We noted the fraction of simulations resulting in significant (H1) and negative (H2)
correlations.

We then evaluated H1 and H2 for each regime:

5) We simulated 10000 tests of H1 and H2 using the fractions derived in step 4. The number
of significant results for H1 and H2 is the Type | error rate.

We then explicitly included a causal relationship between ECA and log(Q7min). After step 1 above, we
subtract a value proportional to the ECA from the reordered log(Q7min) time series:

log(Q7min)£ = log(Q7min)t —0oX ECAt x k (Al)

Where ' denotes the perturbed value, t is the time step, ¢ is the standard deviation of log (Q7nin), ECA¢
is the value of ECA at time t, and K is a scaling factor which we term the ‘Harvest Effect’.

After perturbation, we repeat steps 1-5. The result of step 5 is now the statistical power (1- Type Il error
rate) for a particular Harvest Effect. We test Harvest Effects from 1 to 100.

Results

Hypothesis Testing

Figure Al shows the Spearman correlations disaggregated by regime, and by ECA coefficient (60, 20, 10,
and 5 year recovery times), for routines A, B, and C. Table Al shows the results of the hypothesis testing.
Each row of Table Al corresponds to a panel in Figure Al.

For rainfall regimes, we cannot reject the null hypothesis for any of H1, H2, or H3, using any of the ECA
recovery times.

For hybrid regimes, we found little evidence of any effect. Using routine A, we could reject H2 and H3 for
the 10-year recovery time (more negative correlations than expected by chance), suggesting a downwards
effect on low flows. On the other hand, using routine C we could also reject H1 for the 10-year recovery
time (more significant positive correlations than expected by chance), which implies the opposite
inference. We note that if we were to correct for the family-wise error rate using the Holm-Bonferroni
method, these results would not be considered statistically significant.
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For snowmelt regimes, we found some evidence for both H1 and H2 using all three routines, suggesting
that forest disturbance tends to reduce low flows in these catchments. We found at least one significant
result for each recovery time except the shortest (5 years). We note that the regressions against total
disturbed area suggest are mostly negative (though not significant), supporting the inference that
disturbance reduces low flows.

For glacial catchments we found limited evidence that forest disturbance reduces low flows. H1 has
significant for 10 and 20 year recovery times using routine C, and both H2 and H3 were significant for a 5-
year recovery time using routine A.
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Figure E1: Spearman r correlations between filtered ECA coefficients and filtered log(Q7min). Panel A corresponds to filtering

routine A, panel B to routine B, and panel C to routine C.
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Table E 1 Results of hypothesis testing for H1, H2, and H3. H1: Binomial test for more significant (p<0.05) correlations than expected by chance.
H2: Binomial test for more positive/negative correlations than expected by chance. H3: linear regression between Spearman r and fraction

harvested or burned since 1900.

S ECA
F|lter‘|ng Regime Recovery H1 H1 H2 H3 N
Routine . (+ve) (-ve)
Time
(years) p-value p-value % p-value slope p-value
positive

60 1 1 67 0.39 0.10 0.63 12
Rainfall 20 1 1 58 0.77 0.19 0.31 12
10 0.46 1 58 0.77 -0.03 0.89 12
5 1 1 58 0.77 0.06 0.80 12
60 0.93 0.26 38 0.13 -0.09 0.06 52
Hybrid 20 0.93 0.26 40 0.21 -0.06 0.17 52
10 1 0.49 27 0.001 -0.09 0.03 52
A 5 0.93 0.74 37 0.07 -0.08 0.06 52
60 0.97 0.01 38 0.06 -0.11 0.03 66
Snowmelt 20 0.97 0.1 41 0.18 -0.05 0.28 66
10 0.42 0.23 42 0.27 -0.02 0.72 66
5 0.65 0.65 39 0.1 -0.02 0.56 66
60 1 0.10 27 0.23 -0.64 0.06 11
Glacial 20 1 1 45 1 -0.28 0.27 11
10 1 1 27 0.23 -0.47 0.04 11
5 1 0.43 9 0.01 -0.73 0.01 11
60 1 1 67 0.39 0.14 0.26 12
Rainfall 20 1 1 50 1 0.09 0.43 12
10 1 1 58 0.77 0.23 0.13 12
5 1 1 58 0.77 0.13 0.41 12
60 0.74 0.93 48 0.89 -0.02 0.70 52
. 20 1 0.49 44 0.49 -0.01 0.88 52

Hybrid
10 0.93 0.93 42 0.33 -0.02 0.66 52
B 5 1 0.93 58 0.33 0.01 0.73 52
60 0.97 0.85 30 0.002 -0.06 0.11 66
Snowmelt 20 0.85 0.97 42 0.27 -0.04 0.29 66
10 0.65 0.97 38 0.06 -0.03 0.43 66
5 1 0.97 47 0.71 -0.05 0.19 66
60 1 0.43 27 0.23 -0.36 0.32 11
Glacial 20 1 1 36 0.55 -0.24 0.25 11
10 1 1 45 1 -0.36 0.10 11
5 1 1 45 1 -0.36 0.12 11
60 1 0.46 50 1 -0.10 0.66 12
Rainfall 20 0.46 1 42 0.77 -0.06 0.73 12
10 0.46 1 58 0.77 0.13 0.51 12
5 0.12 0.46 58 0.77 0.31 0.20 12
60 0.93 0.49 54 0.68 0.04 0.40 52
. 20 0.26 0.74 54 0.68 0.08 0.15 52

Hybrid
10 0.04 0.74 50 1 0.10 0.09 52
(o 5 0.49 0.93 54 0.68 0.10 0.06 52
60 0.02 0.1 50 1 0.08 0.17 66
Snowmelt 20 0.85 0.05 141 0.18 -0.03 0.59 66
10 0.23 0.05 44 0.39 -0.03 0.56 66
5 0.42 0.11 39 0.11 -0.04 0.42 66
60 1 0.43 55 1 0.13 0.76 11
Glacial 20 1 0.002 27 0.23 -0.63 0.21 11
10 1 0.002 45 1 -0.61 0.25 11
5 1 0.10 36 0.55 -0.43 0.38 11
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Power Analysis

Figure A2 shows the results of the power analysis for 60-year and 5-year ECA coefficients. The x-axis of
each plot is the Harvest Effect (k) in Equation A1l. This is the number of standard deviations by which an
ECA of 1 would be expected to perturb the low flow time series. For example, a harvest effect of 1 suggests
that a clearcut of the entire catchment would reduce log(Q7min) by 1 standard deviation. The y-axis is the
Type ll error (false negative) error rate, or 1-(statistical power). For a Harvest Effect of 0 there is no genuine
effect, so the x-intercept can be interpreted as 1-(Type | error rate).

Routine A results in very low statistical power. This is the pre-whitening strategy suggested by Jassby &
Powell (1990) and used extensively by Zhang & Wei (2012), Li et al. (2018), and others. The test will almost
always fail to detect a true effect, except for Harvest Effects exceeding about 10. Hybrid and snowmelt-
dominated regimes are slightly more likely to produce a significant result, even when there is no genuine
effect (harvest effect = 0).

Routine B is only slightly more powerful than routine A. However, most of the statistical tests will still fail
to detect a true effect for all but the largest Harvest Effects.

Routine C (no pre-whitening) has better statistical power than routines A and B. For a Harvest Effect of 2,
the Type |l error rate drops to almost O for the hybrid and snowmelt-dominated regimes, for a 60-year
recovery time, for both H1 and H2. The x-intercept for routine C is similar to the x-intercept for routines
A and B, which suggests that the pre-whitening strategy does not reduce the Type | error rate (false
positives).

In general, the statistical power is greatest for the Hybrid and snowmelt-dominated regimes and weakest
for the Rainfall and Glacial regimes, because there are many hybrid and snowmelt-dominated catchments
(52 and 66, respectively) and few Rainfall (12) and Glacial (11) catchments. The power also tends to be
greater for a 60-year recovery time than a 5-year recovery time because ECA (60 year) is always larger
than ECA (5 year), so the perturbation applied in Equation Al is larger than for ECA (60 year). However,
ECA (60 year) also tends to show stronger autocorrelation, so the pre-whitening strategy in routines A and
B removes more of the variance, reducing the statistical power.
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Figure E2: The Type Il (false negative) error rate for hypotheses H1 and H2.

Discussion

Overall, the evidence of increases or decreases in low flows following forest disturbance is weak. We tried
many statistical tests here and few produced significant results. This could be due to a genuine absence
of substantial effects, or because the tests applied are statistically weak.

The weak statistical power found in the power analysis arises for several reasons. First, the pre-whitening
strategy is recognized to reduce power where a trend in the independent variable manifests as a trend in
the dependent variable (Jassby & Powell, 1990). Second, most of the catchments analysed here have only
been moderately disturbed, so the signal to noise ratio in these data is smaller than in studies of small
catchments that have been entirely harvested. Third, for many of the catchments studied here, harvesting
has progressed at a relatively consistent pace, so there are few ‘shocks’ that would produce dramatic
changes in low flows from year to year.

Despite these shortcomings, we found relatively consistent evidence of low-flow reductions in snowmelt-
dominated catchments. We found weaker evidence of reductions in glacial catchments. Despite high
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statistical power in hybrid catchments, we did not find consistent evidence of low-flow increases or
decreases in these catchments.

These results contrast somewhat with the literature. First, we did not observe short-term increases in low
flows that have been reported, particularly for warmer catchments (Coble et al., 2020; Moore et al., 2020).
Second, we found the most consistent evidence of decreases to low flows in colder, snowmelt-dominated
catchments, which contrasts with the findings of Moore et al. (2020) that results in colder catchments are
the most mixed.

In the main text we found that snowmelt-dominated catchments are most sensitive to summer
precipitation, so we hypothesize that quicker runoff is the primary mechanism that causes a reduction in
low flows following forest disturbance in these catchments. Given that low flows in these catchments are
not very sensitive to temperature or winter snow accumulation, we argue that disturbance-induced
changes to spring snowmelt and to summer evapotranspiration probably have minor impacts.
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APPENDIX F: MODEL PERFORMANCE FOR LONG TIME SERIES

These figures show the results of historical simulations for individual stations along with measured data for select stations.
For hybrid, snowmelt-dominated, and glacial regimes we show stations with mostly continuous data beginning before
1950. No rainfall-dominated stations have continuous data beginning before 1950, so we show four stations with time
series beginning in the 1950’s.

The figures show the 10-year running mean of Q7min for both predicted and measured time series. We allow up to 5 years
of missing data in the 10-year mean, and show the degree of missingness by the transparency of the lines.
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Figure F2: Gauge ID 08EE004, Bulkley River at Quick
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Figure F16: Gauge ID 08MA002, Chilko River at Outlet of Chilko Lake
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Figure F18: Gauge ID 08MGO016, Chilliwack River at Outlet of Chilliwack Lake
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Figure F22: Gauge ID 08NH032, Boundary Creek near Porthill
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Figure F23: Gauge ID 08NJ013, Slocan River near Crescent Valley
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Figure F24: Gauge ID 08NN012, Kettle River Near Laurier
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APPENDIX G: TEMPORAL CONSISTENCY OF ANUSPLIN AND OTHER CLIMATE DATA
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Introduction

We extensively use ANUSPLIN monthly data (MacDonald et al., 2020) to determine sensitivities, test
stationarity, develop predictive regression models, and hindcast low-flow conditions in this study.
However, the suitability of the ANUSPLIN data for these types of long-term sensitivity and trend analyses
has not been established.

MacDonald et al. (2020) validated their dataset using leave-one-out cross-validation on 160 ‘test’ stations,
11 of which were in western BC. They found that coastal stations (both Pacific and Atlantic) had the highest
error in precipitation. They also found a negative significant trend in the mean error for July precipitation
across the 160 stations.

Another potential issue with the ANUSPLIN dataset is that it is based on unadjusted and unhomogenized
precipitation data (although the temperature records were homogenized). Operating procedures,
instrumentation, and station locations have changed over time, potentially biasing trend analyses.
Another ANUSPLIN dataset for adjusted precipitation is available (MacDonald et al., 2021) but it does not
extend past 2015 and is provided at a lower spatial resolution.
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In this appendix we evaluate whether there are indeed biases in the ANUSPLIN monthly data that could
in turn bias our analyses of sensitivity and/or our hindcasts of low flow conditions. We will compare
ANUSPLIN P and T to station data that have been adjusted to more accurately represent trends over time.
We will also directly compare the unadjusted ANUSPLIN to the adjusted ANUSPLIN dataset. Lastly, we will
assess whether runoff ratios, and changes in runoff ratios, are realistic in the two ANUSPLIN datasets for
23 catchments.

Data & Methods

Environment and Climate Change Canada have developed datasets of temperature and precipitation
records that have been adjusted and harmonized for known measurement issues, changes to
instrumentation, changes to instrument location, and changes to standard operating procedures, referred
to as Adjusted and Harmonized Canadian Climate Data (AHCCD) (Mekis & Vincent, 2011; Vincent et al.,
2020). These data include 780 temperature and 463 precipitation stations across Canada.

We extract ANUSPLIN data at the point location for each AHCCD station within 50 km of our study region
and compare to the AHCCD data. For both ANUSPLIN and AHCCD data we calculate the monthly mean
temperature T as the average of the monthly mean minimum and maximum temperatures.

We define the bias for temperature (T) and precipitation (P):

biasy = Tynysprin — Tancep
Panusprin — Pancep

biasp = P
AHCCD

We analyse trends in biast and biasp using Sen’s slope and a Mann-Kendall trend test to test the
magnitude, direction, and significance. We analyse trends over four time periods: 1900-2017, 1925-2017,
1950-2017,and 1975-2017. 2017 is the last year of data in the AHCCD. For each period we use only AHCCD
stations that began recording on or before the first year in the period, and which have at least 30 years of
data within the period. For precipitation we estimate trends in the logarithm of bias, and then calculate
the trend in the same way that we calculate trends in low flows (equation 1 of this paper).

We analyse bias trends in annual mean temperature, total annual precipitation, summer (June -
September) precipitation, and winter (December - April) precipitation.

We also analyse bias trends in temperature and precipitation for each month of the year. For each period
and month, we use binomial tests to test whether the number of positive/negative trends is greater than
expected by chance. We apply the Holm-Bonferroni method to correct for the family-wise error rate.

Note that we are interested in the bias trend, not the magnitude of the bias itself. The magnitude of bias
may be a result of local topographic factors, as the station may be located substantially higher or lower
than the mean elevation of the ANUSPLIN grid cell. Moreover, a stable bias will not affect the regression
analyses performed in this study, but changes to the bias over time will.

We also note that we are comparing three interpolated datasets against station data that were also used
to perform the interpolations. We do not have the option to evaluate out-of-sample performance. Our
evaluation thus serves as a upper bound on the reliability of the ANUSPLIN data; the gridded data farther
from climate stations are likely to be less reliable.
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Next, we compare the gridded annual precipitation from ANUSPLIN and ANUSPLIN-adjusted across the
province in two periods: 1900-1949, 1950-2015. These periods were chosen because we noted a distinct
shift in the difference between the two datasets around 1950.

Lastly, we calculate annual runoff ratios for 23 unglaciated (<1% glacial cover) catchments that have at
least one complete water year (October 1-September 30) of hydrometric data before 1950. We calculate
the mean annual runoff ratio using both the ANUSPLIN and ANUSPLIN-adjusted data, for 1900-1950 and
1950-2015. We then evaluate whether the runoff ratios are realistic, and whether the change over time
in the runoff ratio is realistic. Although some change in runoff ratio is possible due to land cover changes
or changes in evapotranspiration, runoff ratios greater than 1 are not possible in the absence of large
changes in catchment storage, which are unlikely in unglaciated catchments.

Results

Figure G1 shows the bias trends for annual temperature. Most trends are smaller than 0.1°C per decade,
and all but one are smaller than 0.2°C per decade. The ratio of positive to negative trends is roughly
balanced for all periods except 1900-2017, and there is no clear regional pattern. For 1900-2017 most
trends are negative.

Table G1 shows the results of binomial tests applied to the number of positive/negative temperature bias
trends in each month and period. We find that in the first period (1900-2017) there are significantly more
negative trends than expected by chance, for February, March, October, and December. This implies that
the beginning of the ANUSPLIN time series (1900-1925) has a positive bias in temperature; actual
temperatures were probably colder than represented in the ANUSPLIN data.

For illustrative purposes, Figures G2 and G3 show the bias through time for the long-term stations with
the largest negative and positive bias trends. ‘Long-term’ stations are arbitrarily defined as those with
more than 90 years of data.

At Kelowna Airport (Climate ID 1123939, Figure G2) the bias trend is -0.13°C per decade, resulting in about
1.6°C bias between the start and end of the dataset. Actual temperatures in the early 20" century were
probably colder than the ANUSPLIN data for this location. At Salmon Arm (Climate ID 1167337, Figure G3)
the bias trend is 0.10°C per decade, resulting in about 1.0°C bias between the start and end of the dataset.
Actual temperatures in the early 20" century were probably warmer than the ANUSPLIN data for this
location. While the bias trend at Kelowna reflects a steady decrease in bias over time, the trend at Salmon
Arm is related to a step change at 1982, when the original climate station was discontinued and a new
climate station was installed at the Salmon Arm airport.

Figure G4 shows the bias trends in annual precipitation across the province, and Figures G7 and G8 show
trends in summer and winter precipitation, respectively. For the longest period (1900-2017) all trends are
smaller than 3% per decade. However, during the 1950-2017 and 1975-2017 periods there are several
strong and significant trends of more than 5% per decade, especially for winter precipitation. Although
positive and negative trends are roughly balanced in each period, there appear to be more positive trends
in coastal locations, including Vancouver Island and Haida Gwaii, particularly from 1950-2017. This is a
salient detail for this study, because these regions are home to most of the rainfall-dominated
watersheds. Positive trends indicate that the early part of the period was wetter than is represented in
the ANUSPLIN data.
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Winter precipitation bias trends are more positive than summer trends. There are also more large (>5%,
positive and negative) trends in the winter than the summer, possibly because of large adjustments to
snow ruler measurements (Mekis & Vincent, 2011). There are clusters of large positive bias trends for
winter precipitation on Vancouver Island and in the Southern Interior for the period 1975-2017.

Table G2 shows the results of binomial tests applied to the number of positive/negative precipitation
trends in each month and period. No months show significant biases for the longest period (1900-2017)
although only 15 stations are available for this period. April trends are more likely to be positive for the
1925-2017 and 1950-2017 periods, although no other months are significant. For 1975-2017, August bias
trends are more likely to be positive and October trends are more likely to be negative.

Figures G5 and G6 show bias trends in annual precipitation for the long-term stations with the largest
negative and positive bias trends. At Vancouver International Airport the trend from 1900-2017 is -2.6%
per decade, meaning that the period from 1900-1950 was probably somewhat drier than represented by
ANUSPLIN. At Estevan Point the trend is 1.2% per decade, implying that the beginning of the time series
was probably wetter than represented by ANUSPLIN.

Figures G9 and G10 show bias trends in annual total precipitation and mean temperature for the adjusted
ANUSPLIN data (MacDonald et al., 2021), the ERA5-Land data (Mufioz Sabater, 2019), and PNWNAmet
data (Werner et al., 2019). Surprisingly, we found that the two datasets based on adjusted precipitation
data (ANUSPLIN-adjusted and PNWNAmet) had stronger bias trends in (more stations with bias trends
greater than 3%) than the unadjusted ANUSPLIN data. For temperature PNWNAmet performed as well
or slightly better than ANUSPLIN, but some stations still had significant bias trends greater than 0.1°C per
decade.

The ERA5-Land data performed worst, with most stations showing positive bias trends in temperature
and negative bias trends in precipitation from 1950-2017. This implies that the ERA5-land data may
represent the period from 1950 to about 1975 as colder and wetter than it actually was.

Figures G11, and G12, show the ratio of ANUSPLIN/ANUSPLIN-adjusted mean annual precipitation for two
periods (1900-1949, 1950-2015). For 1900-1949 there are enormous differences in the two datasets, with
some coastal regions receiving less than half of the annual precipitation in the adjusted ANUSPLIN data as
in the unadjusted data. The largest differences are primarily in the interpolated regions between climate
stations as well as near the Washington and Alaska borders where the unadjusted ANUSPLIN data had the
benefit of using US stations.

Figure G13 shows runoff ratios in 23 catchments for two periods (1900-1949 and 1950-2015) for two
datasets (ANUSPLIN and ANUSPLIN-adjusted. Several catchments have impossibly high runoff ratios (>1),
probably indicating that precipitation is underpredicted. This is especially true for 1900-2015 and for the
ANUSPLIN-adjusted precipitation data.

Between the early and late periods, the runoff ratio in the unadjusted ANUSPLIN dataset remains similar
for most catchments. However, for ANUSPLIN-adjusted, runoff ratios in the 1900-1949 period are much
higher than for 1950-2015, indicating that precipitation is underpredicted in the early period. Six
catchments have runoff ratios larger than 1.5 in the early period using the ANUSPLIN-adjusted data, 4 of
which are in the southwest of the province.
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Discussion

The preceding analyses demonstrate some weaknesses in the ANUSPLIN data. In some locations there are
significant bias trends, relative to adjusted and harmonized temperature and precipitation data. Trends
as large as 0.2°C per decade were observed in the temperature data, and some trends larger than 5% per
decade were observed in the precipitation data. Over the span of a century, these trends result in
significant biases.

These biases have implications for our low flow analyses. First, if there is a change to the bias over the
period for which we conduct our sensitivity analyses, this could in turn bias our estimates of sensitivity to
temperature and/or precipitation. The direction of this bias is uncertain and could be different for each
catchment.

Second, if there are regionally clustered long-term trends in the ANUSPLIN bias, our hindcasted low-flow
conditions will also be biased. This could affect catchments in the rainfall regime in particular, since we
noted that many of the precipitation bias trends on Vancouver Island were positive; we also noted that
for the period 1900-2017, temperature bias trends are predominantly negative. This implies that the
beginning of the 20" century was colder and wetter than represented in the ANUSPLIN data for Vancouver
Island.

For the rest of the province, we note that most bias trends from 1900-2017 and 1925-2017 are small, and
positive/negative bias trends appear to be spatially random (they do not cluster together). This means
that some catchments in our study probably exhibit a positive bias, and some exhibit a negative bias.
Therefore, our regime-averaged hindcasts (Figures 5 and 6 of the manuscript) are probably reasonable.

It is surprising that the ordinary ANUSPLIIN data performed better than the ANUSPLIN-adjusted data, and
as well as the PNWNAmet datasets for precipitation. PNWNAmet, in particular, is an interpolation using
the very same AHCCD data that we validated against. The existence of bias trends in the PNWNAmet data
illustrates that interpolation can result in unexpected trends at some locations, probably related to
discontinuities when nearby stations turn on or off.

Our comparisons of ANUSPLIN and ANUSPLIN-adjusted precipitation over two periods (1900-1949 and
1950-2015, Figures G11 and G12) indicate that the ANUSPLIN-adjusted precipitation may be
underestimated for the period 1900-1949. These underestimations occur mainly far away from climate
stations. Our analysis of runoff ratios also indicates that both datasets may underestimate precipitation
in coastal watersheds, although the underestimation is generally larger in the ANUSPLIN-adjusted data
(Figure G13). Runoff ratios are more temporally consistent in the ANUSPLIN data than in the ANUSPLIN-
adjusted data.

Overall these results indicate that the unadjusted ANUSPLIN dataset is a good choice for the analyses in
this study. It has the longest time series and appears to be no more biased than other datasets available
for the region. The unadjusted ANUSPLIN data are more temporally consistent than the adjusted
ANUSPLIN data.
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Figures and Tables

ANUSPLIN Annual Temperature Bias Trends
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Figure G1: Bias trends in annual temperature. The panels (left) indicate the spatial distribution of the trends, also shown as

histograms (right).
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Figure G2: Annual mean temperature from AHCCD and ANUSPLIN (top) and bias (bottom) for Kelowna airport. The bias trend
-0.13°C per decade.

Salmon Arm (1167337)

Temperature (°C)
~

6

® AHCCD
5-

® ANUSPLIN
14 <+— bias

== hias trend
O-

Bias (°C)

1925 1950 1975 2000 2025
year

Figure G3: Annual mean temperature from AHCCD and ANUSPLIN (top) and bias (bottom) for Salmon Arm. The bias trend is
+0.10°C per decade.
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Figure G 4: Bias trends in annual total precipitation. The panels (left) indicate the spatial distribution of the trends, also
shown as histograms (right).
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Figure G5: Annual total precipitation from AHCCD and ANUSPLIN (top) and bias (bottom) for Vancouver International Airport.
The bias trend is -2.6% per decade.
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Figure G6: Annual total precipitation from AHCCD and ANUSPLIN (top) and bias (bottom) for Estevan Point. The bias trend is

1.2% per decade.

64



ANUSPLIN Summer Precipitation Bias Trends
e 1900 2017 6-

©
O .
4 77 © | |Bias trend
77 N (% per decade)
21 uJi :1 More than 5%
04 L 4% to 5%
3% to 4%
20 - N 2% to 3%
© 1% to 29
154 1 o/0 o o/o
» 77 3 0% to 1%
[ | 1 0, 0,
c 104 7! -1% to 0%
g . ] | S 2%to 1%
8 07 % E S 3% to 2%
E’E 0 —-u s -A% to -3%
o 00 — -5% to -4%
8 77) 5 Less than -5%
€ 151 77 15
> 77 o
< 107 7 v | | statistical
51 ig % = | |significance
vy ! f |
0_-— [ | | — ) p<0_05
— p=0.05
-
10+ | f 3
77/ &)
) Z E =
~l
N 7 EW.

\o ))?\o rg\o o\u o\a o\o o\oo qo/\uo e\oo o\oo o\e <3o\\e
,00‘@\0@&00\0\-\ &

N <§\° b?\(, S\e 0\0 0\0 u\o n\o 0\0 0\0 a\o@(\

Bias trend (% per decade)

Figure G 7: Bias trends in summer (June-September) precipitation. The panels (left) indicate the spatial distribution of the
trends, also shown as histograms (right).
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Table G1: Summary of bias trends in mean temperature for each month, for all four periods. Bolded rows indicate that the number

of positive or negative trends is greater than expected by chance, after applying a Holm-Bonferroni correction.

Period month N N(trend>0) N(trend<0) p H-B test
1900-2017 1 22 5 17 0.02
1900-2017 2 22 3 19 <0.0001 | *
1900-2017 3 22 3 19 <0.0001 | **
1900-2017 4 22 5 17 0.02
1900-2017 5 22 7 15 0.13
1900-2017 6 22 6 16 0.05
1900-2017 7 22 6 16 0.05
1900-2017 8 22 6 16 0.05
1900-2017 9 22 5 17 0.02
1900-2017 10 22 4 18 0.004 | *
1900-2017 11 22 5 17 0.02
1900-2017 12 22 4 18 0.004 | *
1925-2017 1 68 28 40 0.18
1925-2017 2 68 22 46 0.005
1925-2017 3 68 31 37 0.54
1925-2017 4 68 29 39 0.27
1925-2017 5 68 35 33 0.9
1925-2017 6 68 32 36 0.72
1925-2017 7 68 34 34 1
1925-2017 8 68 32 36 0.72
1925-2017 9 68 29 39 0.27
1925-2017 10 68 30 38 0.4
1925-2017 11 68 31 37 0.54
1925-2017 12 68 31 37 0.54
1950-2017 1 92 39 53 0.17
1950-2017 2 93 51 42 0.41
1950-2017 3 93 48 45 0.84
1950-2017 4 93 56 37 0.06
1950-2017 5 93 51 42 0.41
1950-2017 6 93 56 37 0.06
1950-2017 7 93 53 40 0.21
1950-2017 8 93 53 40 0.21
1950-2017 9 91 53 38 0.14
1950-2017 10 92 49 43 0.6
1950-2017 11 92 50 42 0.47
1950-2017 12 92 54 38 0.12
1975-2017 1 101 52 49 0.84
1975-2017 2 101 54 47 0.55
1975-2017 3 102 56 46 0.37
1975-2017 4 103 53 50 0.84
1975-2017 5 103 53 50 0.84
1975-2017 6 102 51 51 1
1975-2017 7 102 54 48 0.62
1975-2017 8 102 46 56 0.37
1975-2017 9 102 49 53 0.77
1975-2017 10 103 54 49 0.69
1975-2017 11 102 56 46 0.37
1975-2017 12 101 63 38 0.02
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Table G 2: Summary of bias trends in precipitation for each month, for all four periods. Bolded rows indicate that the number of
positive or negative trends is greater than expected by chance, after applying a Holm-Bonferroni correction.

Period month N N(trend>0) N(trend<0) p H-B test
1900-2017 1 15 5 10 0.3

1900-2017 2 15 6 9 0.61

1900-2017 3 15 4 11 0.12
1900-2017 4 15 6 9 0.61

1900-2017 5 15 5 10 0.3

1900-2017 6 15 8 7 1

1900-2017 7 15 8 7 1

1900-2017 8 15 7 8 1

1900-2017 9 15 7 8 1

1900-2017 10 15 5 10 0.3

1900-2017 11 15 8 7 1

1900-2017 12 15 4 11 0.12
1925-2017 1 73 31 42 0.24
1925-2017 2 73 24 49 0.005

1925-2017 3 73 26 47 0.02

1925-2017 4 73 21 52 <0.0001 **
1925-2017 5 73 28 45 0.06

1925-2017 6 73 35 38 0.82

1925-2017 7 73 34 39 0.64
1925-2017 8 73 28 45 0.06

1925-2017 9 73 29 44 0.1

1925-2017 10 73 30 43 0.16
1925-2017 11 73 35 38 0.82

1925-2017 12 73 28 45 0.06

1950-2017 1 99 46 53 0.55

1950-2017 2 99 43 56 0.23

1950-2017 3 99 38 61 0.03

1950-2017 4 99 34 65 0.002 *
1950-2017 5 99 46 53 0.55

1950-2017 6 99 50 49 1

1950-2017 7 99 49 50 1

1950-2017 8 99 50 49 1

1950-2017 9 99 46 53 0.55

1950-2017 10 99 38 61 0.03

1950-2017 11 99 51 48 0.84
1950-2017 12 99 41 58 0.11

1975-2017 1 81 51 30 0.03

1975-2017 2 80 46 34 0.22

1975-2017 3 82 43 39 0.74
1975-2017 4 78 42 36 0.57

1975-2017 5 80 41 39 0.91

1975-2017 6 80 47 33 0.15
1975-2017 7 80 46 34 0.22

1975-2017 8 78 53 25 0.002 *
1975-2017 9 80 36 44 0.43

1975-2017 10 78 25 53 0.002 *
1975-2017 11 77 39 38 1

1975-2017 12 79 45 34 0.26
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Figure G9: Comparison of bias trends for ANUSPLIN, ERA5-Land, and PNWNAmet mean annual temperature. ANUSPLIN and
PNWNAmet have similar performance, while bias trends in the ERA5-Land data are slightly stronger.
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Figure G10: Comparison of bias trends in annual precipitation for ANUSPLIN, ANUSPLIN-adjusted, ERA5-Land, and PNWNAmet data. The ERA5-
land data show the strongest bias trends, with mostly negative trends (indicating earlier data are overpredicted or more recent data are
underpredicted). The ANUSPLIN and PNWNAmet datasets both show comparatively small bias trends, and positive/negative trends are roughly
balanced. The ANUSPLIN-adjusted data show slightly more positive than negative trends, and generally stronger trends than the ANUSPLIN or

PNWNAmet datasets.
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Figure G11: Ratio of adjusted to unadjusted ANUSPLIN precipitation from 1900-1949 across BC. The adjusted precipitation is
up to 50% drier than the unadjusted for parts of the coast and more than 50% wetter for parts of the interior plateau. The
largest differences occur far away from the climate stations used for the interpolation.
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Figure G12: Ratio of adjusted to unadjusted ANUSPLIN precipitation from 1950-2015 across BC. The differences between the
two datasets are much smaller than for the 1900-1949 period. Many of the differences are plausibly related to the adjustments
made to precipitation measurements, rather than the interpolation algorithm.
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Figure G13: Runoff ratios for 23 unglaciated, unregulated catchments, for 2 periods and 2 datasets (A-D). A: unadjusted
ANUSPLIN precipitation for 1900-1949; B: adjusted ANUSPLIN precipitation, 1900-1949; C: unadjusted ANUSPLIN precipitation
for 1950-2015; D: adjusted ANUSPLIN precipitation, 1950-2015. E: Comparison of runoff ratios for the two periods. The six
catchments with runoff ratios greater than 1.5 are labelled. The adjusted precipitation data have generally higher runoff ratios
in the 1900-1949 period, and the runoff ratios are less temporally consistent than the unadjusted data.

72



APPENDIX H: PREDICTIVE MODELS CONSTRUCTED WITH OTHER CLIMATE
DATASETS

We compared predictive regression models using four different climate datasets: (1) ANUSPLIN, as
presented in the main text (MacDonald et al.,, 2020), (2) ANUSPLIN with adjusted precipitation
(MacDonald et al., 2021), (3) ERA5-Land (Mufoz Sabater, 2019), and (4) PNWNAmet (Werner et al., 2019).

First, we trained and evaluated models using each dataset on a common observation period of 1951-2012.
198 of our catchments had at least 20 years of data within this window. However, we removed from the
evaluation of the adjusted precipitation ANUSPLIN data 9 catchments which have more than 20% of their
area in the United States, because the adjusted precipitation data are only available for Canada.

Figure H1 shows the KGE values for the models trained on each dataset. The skill scores are very similar
across the four datasets; in order from best to worst, the median KGE is 0.703 for ERA5-Land, for 0.681
for PNWNAmet, 0.677 for ANUSPLIN, and 0.645 for ANUSPLIN with adjusted precipitation.

S
(=Sl

0.2+ ] ° o
®

ANUSPLIN ANUSPLIN ERAS-Land PNWNAmet
w/ Adjusted
Precipitation

Figure H1: KGE for regression models using four different climate datasets

Figure H2 shows the Sen’s slope of the error as a percentage of the mean Q7nin per decade. The
distribution of error trends in similar across the four datasets. In order from best to worst, the percentage
of catchments with an error trend greater than 5% per decade is 54.5% for ANUSPLIN with adjusted
precipitation, 55.1% for PNWNAmet and 58.1% for both ERA5-Land and ANUSPLIN.
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Figure H2: The Sen’s slope of the error, expressed as a percentage of the mean Q7mi, per decade.

Next, we conducted the low-flow anomaly analysis using each dataset (same as Figure 6 in the main text).
The models were trained and applied to each climate dataset separately, for all available years in each
dataset. 188 catchments could be trained for all datasets. However, one catchment (Honna River Near
The Mouth, 080A004) had a spurious and very large negative coefficient with abstraction when using the
ERA5-Land data, so we removed this catchment from the analysis.

Figure G3 shows Q7min anomalies from 1901-2022 for each dataset. The patterns through time match
reasonably well for the four datasets, but there are some notable differences.

First, the estimates for the effect of abstraction are notably different across the different datasets. This
suggests that these results are not very robust. This makes sense given that the estimates for water use
are very rough, and the water use data are highly autocorrelated, increasing the risk of spurious
correlations.

Second, negative anomalies associated with precipitation prior to 1950 are much larger when using the
adjusted precipitation data with ANUSPLIN. This suggests that low flows in this period may have been
lower than we predict in the main text. However, given the temporal inconsistencies observed (Appendix
G), we consider the conditions depicted in the ANUSPLIN-adjusted data for the beginning of the 20"
century to be somewhat suspect.
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Figure H3: Q7min anomalies for model trained on and applied to four climate datasets. The data represent 187 catchments for
which models could be trained on each dataset (18 rainfall, 57 hybrid, 82 snowmelt, and 30 glacial catchments).

75



