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Abstract Many mountainous and high‐latitude regions have experienced more precipitation as
rain rather than snow due to warmer winter temperatures. Further decreases in the annual snow fraction
are projected under continued global warming, with potential impacts on flood risk. Here, we quantify the
size of streamflow peaks in response to both seasonal and event‐specific rain‐fraction using stream gage
observations from watersheds across the western United States. Across the study watersheds, the largest
rainfall‐driven streamflow peaks are >2.5 times the size of the largest snowmelt‐driven peaks. Using a
panel regression analysis of individual precipitation and snowmelt events, we show that the empirical
streamflow response grows approximately exponentially as the liquid precipitation input increases,
with rain‐dominated runoff leading to proportionately larger streamflow increases than snowmelt or mixed
rain‐and‐snow runoff. We find that the response to changes in rain percentage is largest in the wettest
watersheds, where wet antecedent conditions are important for increasing runoff efficiency. Similarly, the
effect of rain percentage is larger across watersheds in the Northwest and West regions compared to
watersheds in the Northern Rockies and Southwest regions. Overall, as a higher percentage of precipitation
falls as rain, increases in the size of rainfall‐driven and “rain‐on‐snow”‐driven floods have the potential to
more than offset decreases in the size of snowmelt‐driven floods.

1. Introduction

Seasonal snowpack acts as an important natural reservoir, reducing the likelihood of winter floods and
providing water in the spring and summer when demand exceeds supply from precipitation (Barnett
et al., 2005; Gleick, 1987). Recently, warmer temperatures have decreased both the percentage of winter
precipitation falling as snow and annual snowpack accumulation (Das et al., 2009; Feng & Hu, 2007;
Knowles et al., 2006a; Mote, 2006; Mote et al., 2018). Likewise, large decreases in snow fraction and snow
accumulation are projected to occur in response to continued global warming (Ashfaq et al., 2013;
Gleick, 1987; Stewart, 2009). Decreases in snow fraction are associated with a higher elevation of freezing
and an overall decrease in the area where snow occurs (Klos et al., 2014). A shift from snow to rain thus
carries potential consequences for water resources (Berghuijs et al., 2014) and flood risk (Huang
et al., 2018).

Rainfall and snowmelt are both important mechanisms for flood generation in mountainous or snow‐
dominated regions (Berghuijs et al., 2016; Parajka et al., 2010; Pitlick, 1994). As a result, accounting for both
snowmelt and precipitation intensity is essential for accurately predicting flood size (Harpold & Kohler,
2017; Yan et al., 2018). There is evidence that warmer conditions have already initiated a shift towards more
rain‐dominated flood regimes (Huang et al., 2018), with snowmelt occurring earlier in the year (Blöschl
et al., 2017; Dettinger et al., 2004; Hall et al., 2014; Hamlet et al., 2006; Stewart et al., 2005), and many water-
sheds seeing an increased number of annual peak floods caused by rainfall (Fritze et al., 2011; Kampf &
Lefsky, 2016). Rain‐on‐snow events, which are associated with some of the largest floods in snow‐dominated
regions (Harr, 1981; Kattelmann, 1997; Sui & Koehler, 2001), are becoming more frequent at high elevations
and less frequent at low elevations, with this pattern expected to continue in the future (Freudiger et al.,
2014; McCabe et al., 2007; Musselman et al., 2018).
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However, because both the baseline temperature and the rate of warming will influence the transition from
snow to rain under different levels of future warming, the likelihood of snow becoming rain in the future
may not be uniform across all geographic areas or parts of the precipitation distribution. For example, both
the mean temperature and rate of warming of atmospheric rivers, which deliver cold‐season moisture to the
western United States (US), have been shown to vary by latitude (Gonzales et al., 2019). Likewise, in the
Sierra Nevada and Cascades, intense precipitation has historically been warmer than less‐intense precipita-
tion (suggesting that wet extremes could have greater potential to transition to liquid precipitation) but may
also be warming at a slower rate (Rupp & Li, 2017).

Despite evidence of transitions toward more rain‐dominated flooding, previous studies have generally found
a lack of significant trends in flood magnitude (Archfield et al., 2016; Hodgkins et al., 2017; Lins & Slack,
1999; Slater & Villarini, 2016). Similarly, there have been very few significant trends in runoff efficiency at
the annual scale (McCabe et al., 2018), despite robust decreases in annual snow fraction and evidence that
lower snow fractions can lead to reduced runoff efficiency (Berghuijs et al., 2014). The lack of significant
trends highlights difficulties in understanding impacts of warming on streamflow, in part because a long
time series (>100 years) is often necessary to detect robust changes in streamflow (Wilby, 2006; Ziegler
et al., 2005). However, in terms of changes in flood risk, some patterns may be emerging. In colder, high‐
elevation watersheds, declining trends in annual peak flows are more common than increasing trends
(Rood et al., 2016; Solander et al., 2017; Vormoor et al., 2016). Historical warming has likely increased flood
magnitude for mixed‐regime watersheds (Hamlet & Lettenmaier, 2007), with similar increases in flood risk
projected in the future (Das et al., 2011; Loukas et al., 2002; Tohver et al., 2014). Overall, the existing litera-
ture suggests some heterogeneity in the watershed‐scale response to global warming, with changes in flood
magnitude not yet detectable for most watersheds.

A shift from snow to rain could affect the size of floods through a number of mechanisms. For example,
lower snowmelt intensity is projected under warmer conditions (Musselman et al., 2017), which could lead
to smaller snowmelt‐driven floods. Alternatively, higher rain percentages mean more liquid water available
for runoff immediately following precipitation (assuming similar amounts of precipitation). With a higher
elevation of freezing, there is a larger contributing area for runoff production and the potential for much lar-
ger flood events from rain (Kattelmann, 1997; Tohver et al., 2014). Whether rainfall‐driven floods could
become larger than historical snowmelt‐driven floods also depends on whether future rain rates could
exceed historical snowmelt rates. Recent climate modeling evidence suggests that warming‐induced
decreases in snow‐to‐rain ratio lead to increased flood risk (Huang et al., 2018; Li et al., 2019). However,
the magnitude of the watershed flood response to variations in rain/snow fraction has not been quantified
using a generalized empirical framework.

In this study, we use 410 gaged watersheds across the western US to explore the role of snowfall in moderat-
ing flood size. It is well known that the western US is heavily dependent on snowfall for water availability,
with over 50% of streamflow estimated to come from snow each year (Li et al., 2017). Recent events, such as
the 2017 flood season that caused over $1 billion in infrastructure damage in California, also highlight the
significance of winter flooding in this region (Tavares & Kracher, 2017). However, there is high uncertainty
around the specifics of future flood risk, because traditional approaches to estimate risk are no longer appro-
priate under nonstationary climate conditions (CSIWG, 2018; Milly et al., 2008). Predictions of future flood
risk will benefit from improved understanding of flooding processes and of how these processes respond to
warming (Merz & Blöschl, 2003).

We investigate the relationship between snow and flood risk using two approaches: (a) by analyzing the
streamflow conditions that immediately follow precipitation and snowmelt and (b) by analyzing the preci-
pitation and snowmelt conditions that immediately precede the largest streamflow peaks. Together, these
analyses quantify how the snow fraction of precipitation modifies the size of streamflow peaks both imme-
diately following precipitation and later in the season.

To conduct these analyses, we construct datasets of historical precipitation events, historical snowmelt
events, and historical streamflow peaks in each watershed. We use a panel regression analysis to quantify
the response of streamflow in each watershed to individual precipitation and snowmelt events. This analysis
relies on historical variations in the rain percentage of runoff within each watershed to understand how rain
percentage impacts subsequent streamflow response.
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Exploiting within‐unit variation over time is a common econometric approach for identifying causal rela-
tionships in observational data and is increasingly used in hydrologic studies (Bassiouni et al., 2016;
Steinschneider et al., 2013). Panel regression builds on a number of traditional approaches to offer valuable
new insights. For example, relative to standard cross‐sectional regression, the panel regression allows us to
isolate the role of snow fraction from other time‐invariant factors that could also be associated with flood
size (e.g., warmer, wetter regions could have larger floods on average). Using within‐unit variation also
offers advantages over trend detection (which is a common alternative approach to quantifying the stream-
flow response to climate‐driven changes), as robust trend detection requires a long time series, and the effect
of climate‐driven changes on streamflow can be hard to distinguish from other long‐term changes.

We complement the panel analysis with a summary analysis of the precipitation and snowmelt conditions
preceding the largest streamflow peaks in each watershed. To identify the mechanisms responsible for the
largest events in each watershed, we categorize each streamflow peak as primarily snowmelt‐driven,
rainfall‐driven or “rain‐on‐snow”‐driven. We then compare the distribution of streamflow peaks, snowmelt
intensity, and precipitation intensity as a function of average seasonal snow fraction. These analyses, com-
bined with the panel regression, provide a new understanding of the sensitivity of streamflow peaks to the
fraction of precipitation falling as snow or rain.

2. Methods
2.1. Watershed Selection

We use daily‐mean streamflow observations from US Geological Survey (USGS) stream gages. We focus our
study on the conterminous United States west of 105°W. We identify stream gages using the Geospatial
Attributes of Gages for Evaluating Streamflow (GAGES‐II) dataset (Falcone et al., 2010). We use the
dataRetrieval package in the R computing language to download daily streamflow data for each gage
(Hirsch & De Cicco, 2015). In total, we include streamflow data from a total of 410 watersheds (see
Figure 1a for a map of the locations of the stream gages included).

We include stream gages that (a) have at least 20 years of daily streamflow observations during water years
1980 through 2016 (where each year has fewer than 10% of days with missing data); (b) report data during all
months; and (c) do not have periods of zero flow lasting one month or more. We use 20 years of data as a
minimum requirement to capture a representative climatology at each location (requiring all 37 years of data
would reduce the number of available sites by 40%). To exclude gages where streamflow is likely to be influ-
enced by upstream reservoir operations, we remove stream gages with upstream storage exceeding 1,000
acre‐feet (1,233,000 m3; around 50% of gaged watersheds in the region are below this threshold, and water-
sheds with upstream reservoirs are likely to have storage capacity on the order of thousands or millions of
acre‐feet; Martin &Hanson, 1966)We include two gages on the same river if the downstream gage has a con-
tributing watershed area at least twice that of the upstream gage. If the two watersheds are closer in size, we
only include the larger watershed. We include watersheds that have experienced at least one rainfall‐driven,
one rain‐on‐snow‐driven, and one snowmelt‐driven streamflow peak (see section 2.6 for a description of
streamflow peak identification).

2.2. Precipitation and Land Surface Data

We use output from the Variable Infiltration Capacity (VIC) model from Phase 2 of the North American
Land Data Assimilation System (NLDAS‐2) to characterize climatological and event‐specific precipitation
and snow variables for each watershed. NLDAS‐2 covers the entire study area with 1/8° spatial resolution
and hourly temporal resolution (Xia et al., 2012). From VIC, we use hourly rainfall, snowfall, snow water
equivalent (SWE), and total column soil moisture. The precipitation forcing for NLDAS‐2 is derived from
a gage‐only Climate Prediction Center analysis, with an orthographic adjustment based on the PRISM clima-
tology. Other forcing fields for NLDAS‐2 (including temperature) are derived from the NCEP North
American Regional Reanalysis.

In order to capture subgrid‐scale topographic complexity, VIC uses “elevation‐banding” within the snow
module (Mitchell et al., 2004; Sheffield et al., 2003). Hourly temperature is adjusted within each elevation
band based on a temperature lapse rate. Precipitation phase partitioning within each band is based on a tem-
perature threshold. For temperatures above 0 °C, all precipitation is rain. At or below 0 °C, all precipitation is
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snow.Water and energy budgets for the snowmodule are solved independently for each elevation band. VIC
also includes subgrid vegetation tiles within each elevation band. For all variables, we calculate watershed
average values by taking an area‐weighted average of all grid cells that overlap with the watershed
boundary (as defined in the GAGES‐II dataset).

For our summary analysis, we characterize the influence of rain‐versus‐snow in each watershed using the
percentage of cold‐season precipitation that falls as rain during each water year. To maintain consistency
with previous studies (Feng & Hu, 2007; Knowles et al., 2006a; Mankin & Diffenbaugh, 2015), we define
the cold‐season as November through March (“NDJFM”). We calculate the mean NDJFM rain percentage
for each watershed as the average of the annual NDJFM values during the 1980–2016 time period.

To compare historical precipitation and snowmelt intensity, we calculate 1‐day, 3‐day, and 8‐day precipita-
tion and snowmelt rates over water years 1980–2016 in each watershed, using hourly precipitation and
snowmelt output from VIC. We calculate the maximum precipitation intensity and maximum snowmelt
intensity in each watershed for each of the three timeframes (1‐day, 3‐day, and 8‐day). We then calculate
the ratio of the maximum precipitation intensity to maximum snowmelt intensity in each watershed to
determine their relative magnitudes.

2.3. Streamflow Event Analysis

We identify and compare the largest rainfall‐driven, snowmelt‐driven, and rain‐on‐snow‐driven streamflow
events in each watershed to characterize the relative importance of rainfall and snowmelt in generating the

Figure 1. (a) Locations of the 410 US Geological Survey (USGS) stream gage stations used in the analysis, with color cor-
responding to mean watershed November through March (NDJFM) rain percentage over the 1980–2016 time period. (b)
Mean NDJFM rain percentage plotted by elevation and latitude for the same stations as in (a). The sloping lines represent
the 0 °C and −5 °C isotherms. Isotherms are calculated using a multiple linear regression of NDJFM temperature on
elevation and latitude, following the method described in Mote (2006). (c) Absolute change in NDJFM rain percentage
over the 37‐year time period estimated based on the nonparametric Theil‐Sen slope for each watershed. Red (blue) squares
indicate increasing (decreasing) trends. Filled squares show trends that are significant (p value <0.05) using a Mann‐
Kendall trend test. (d) Change in NDJFM rain percentage plotted by elevation and latitude. Sloping lines are the same
isotherms shown in (b).
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largest historical streamflow events. We identify streamflow events from the 1980–2016 gage observations
using a peaks‐over‐threshold approach. At each gage, we use the median daily‐mean streamflow value as
the exceedance threshold and calculate all historical peaks that exceed this value. To capture precipitation
and snowmelt leading up to each streamflow event, we define an 8‐day response window for each event,
but in this case, the window begins 7 days before the streamflow peak and ends on the day of the
streamflow peak (see Figure 2b). To avoid events with overlapping windows, we only include peaks
separated by at least seven days. Peaks that are separated by fewer than 7 days are considered part of one
event, and only the largest of those peaks is included in the analysis.

From the VIC output, we calculate the total rain, total snow, and net change in SWE over the 8‐day window
leading up to the observed streamflow event. Snowmelt during the 8‐day window is calculated as the net
decrease in SWE over the period and is defined as zero if the net change in SWE is zero or positive. (Here,

Figure 2. (a) Schematic of 3‐day precipitation and/or snowmelt events used in the panel regression analysis. Daily preci-
pitation totals are shown in dark blue, daily snowmelt totals are shown in light blue, and the daily‐mean streamflow time
series is shown in red. Total precipitation (P), rain percentage (RP), and snowmelt (S) are calculated over the 3‐day pre-
cipitation event. The increase in streamflow (Δ streamflow) is calculated as the increase in streamflow within the 8‐day
“streamflow response window.” Available subsurface storage capacity (SC) is calculated as the average available storage
capacity in the watershed before the start of the 3‐day precipitation event. (b) Schematic of streamflow event identification.
Daily precipitation totals are shown in dark blue, daily snowmelt totals are shown in light blue, and the daily‐mean
streamflow time series is shown in red. Total rain (R) and snowmelt (S) are calculated as the sum of all rain and snowmelt
over the 8‐day “streamflow response window.”
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snowmelt refers to melting of the existing snowpack, so snowmelt is zero if SWE is zero at the start of the 8‐
day period).

In order to better understand the differences between rainfall‐driven and snowmelt‐driven streamflow
events, we classify streamflow events into three flood types (snowmelt‐driven, rainfall‐driven, and rain‐
on‐snow‐driven) based on the total rain and total snowmelt over the 8‐day window. Previous studies of
rain‐on‐snow events have used a range of thresholds to define rain‐on‐snow, including any amount of rain
and a decrease in SWE (Surfleet & Tullos, 2013), 1 mm/day of rain and a decrease in SWE (Jeong & Sushama,
2017), and 10 mm/day of rain on top of snowpack with at least 10 mm SWE (Musselman et al., 2017). We use
an intermediate threshold of 10 mm of rain and/or snowmelt over the 8‐day window. For this study, rainfall‐
driven events include events where the total rain exceeds 10mm leading up to the event, but snowmelt is less
than 5 mm. Snowmelt‐driven events are those where snowmelt exceeds 10 mm, but total rain is less than 5
mm. Rain‐on‐snow‐driven events occur when both total rain and snowmelt exceed 5 mm. (Note that not all
streamflow events fall into these three categories.)

We identify the largest streamflow event of each type within each watershed. (We divide streamflow by drai-
nage area and mean annual watershed precipitation to normalize across watersheds.) We then test differ-
ences in magnitude between the three flood types using a paired Wilcoxon signed‐rank test. We adjust p
values using the Bonferroni method to account for the fact that multiple tests are conducted using the same
sample (Wright, 1992). We also group the watersheds into five equally spaced categories based on mean
NDJFM rain percentage (i.e., 0–20% rain, 20–40% rain, … , 80–100% rain), and test differences between
the flood types within each watershed group. These comparisons allow us to understand how the distribu-
tions of the largest floods differ between snow‐dominated, mixed‐regime, and rain‐dominated watersheds.

2.4. Precipitation and Snowmelt Event Identification

To complement the analysis of historical streamflow peaks (section 2.3), we also analyze the streamflow
response following individual precipitation and snowmelt events. We first calculate 3‐day precipitation
totals in each watershed using hourly precipitation from the NLDAS‐2 precipitation forcing (Figure 2a;
we define precipitation as zero on days where the 24‐hr total is less than 1 mm). We calculate 3‐day snow-
melt totals as the net decrease in SWE over each 3‐day period using SWE from the VIC model output (snow-
melt is defined as 0 if a positive change in SWE occurs). We define individual precipitation/snowmelt runoff
events based on combined 3‐day totals of precipitation and snowmelt (if precipitation or snowmelt occurs
over more than or fewer than three consecutive days, we define the event as the period with the maximum
3‐day total). Events can be due to only precipitation, only snowmelt, or a combination of precipitation and
snowmelt. Events must be separated by at least 5 days (Ivancic & Shaw, 2015) between the end of one event
and the start of the next event; otherwise, only the event with the greater 3‐day maximum is included. The
number of precipitation events in each watershed ranges from 350 to 903, due to differences in precipitation
patterns and in the length of record at each stream gage.

For each event, we record (a) the rain percentage of the water available for runoff (total rain divided by the
combined total of precipitation and snowmelt), (b) total 3‐day precipitation, (c) net 3‐day snowmelt, and (d)
the available subsurface storage in the watershed. Snowmelt‐only events are included as 0% rain events.
Events with rain percentages between 0 and 100 have a combination of rain, snow, and/or snowmelt at dif-
ferent times during the 3‐day period or in different parts of the watershed. Available subsurface storage is
calculated as the total soil storage capacity minus total column soil moisture before the precipitation event
(using the VIC soil moisture and storage capacity fields).

Watersheds across the US typically show a lag of 5 days or less between rainfall and streamflow response
(Ivancic & Shaw, 2015). We therefore define a streamflow response window as the 8‐day period beginning
on the first day of the 3‐day precipitation event and ending 5 days after the event (see Figure 2a for a sche-
matic diagram; the minimum separation of 5 days between precipitation events ensures that two events
are not associated with the same runoff response). We calculate the streamflow response (Δ streamflow) fol-
lowing each precipitation event as the maximum streamflowwithin the streamflow response windowminus
the streamflow before precipitation started (i.e., the increase in streamflow within the response window). If
there is no increase in streamflow following the precipitation event, we assign an arbitrary streamflow
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increase of 0.01 ft3 s−1 (0.00028 m3 s−1) to enable the log transformation used in the panel regression model
(see below).

2.5. Panel Regression Model

The analysis of historical streamflow events (described in section 2.3) uses a “space‐for‐time” substitution to
show how the largest streamflow events vary by average watershed rain percentage. However, across the
study watersheds, average NDJFM rain percentage is moderately correlated with average annual precipita-
tion (r = 0.54) and slightly correlated with slope (r = 0.36; supporting information Figure S1a–b). Therefore,
for the analysis of precipitation/snowmelt events, we use a panel regression model that allows us to control
for both static and time‐varying factors that affect streamflow and could be correlated with rain percentage.

Figure 3. (a) Timing of the largest quartile of precipitation events in each watershed by mean watershed November
through March (NDJFM) rain percentage. Frequency is calculated as the proportion of events within each column that
occur during each time of year. (b) Same as (a) but for the largest quartile of streamflow events in each watershed.
(c) Magnitude of the largest quartile of precipitation events in each watershed, by time of year and mean watershed
NDJFM rain percentage. Three‐day precipitation event magnitudes (mm) are divided by mean annual watershed preci-
pitation (cm). Magnitude for each row‐column combination is calculated as the median of all events with that combina-
tion. (d) Same as (c) but for the largest quartile of streamflow events in each watershed. Streamflow event magnitudes
(m3 s−1) are divided by watershed drainage area (km2) and mean annual watershed precipitation (cm). (e) Ratio of
maximum precipitation rate (mm/day) to maximum snowmelt rate (mm/day) in each watershed. Precipitation rates and
snowmelt rates are averaged over the entire watershed for 1‐day, 3‐day, and 8‐day periods. The center line of each box
shows the median event for that group of watersheds, the bottom and top boundaries of the box represent the 25th and
75th percentiles, respectively, and the whiskers extend to the 5th and 95th percentiles, respectively. The median ratio for
each group is shown in green (numbers in parentheses indicate the proportion of watersheds with a ratio > 1).
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Using a multi‐dimensional panel dataset that includes observations across time and space can enable more
robust estimates of hydrologic response compared to traditional time‐series analysis or cross‐sectional
(“space‐for‐time”) regressions (Steinschneider et al., 2013). When pooling across watersheds, it is necessary
to account for differences in the average streamflow response betweenwatersheds resulting from factors such
as drainage area, average climate, and land use. We include watershed‐specific fixed effects, μi, to account for
these time‐invariant, average differences in the streamflow response between watersheds. Further, we
include month fixed effects specific to each watershed to account for seasonal differences (such as rates of
insolation or evapotranspiration) that could confound the relationship between rain percentage and stream-
flow. Additionally, there is the possibility of temporal trends in each watershed due to unrelated factors (i.e.,
changes in the streamflow response over time due to human activity such as land cover change). To account
for this possibility, we include a linear time trend in each watershed. In essence, the regression models the
streamflow response to each precipitation or snowmelt event compared to other events within the same
watershed, after controlling for the calendar month and year. For more detail on panel regression methodol-
ogy, see Steinschneider et al. (2013), who provide a thorough discussion on the application of panel regres-
sions to hydrologic studies.

In the regression, we also include the total precipitation (P), available subsurface storage capacity (SC), and
snowmelt (S) as independent variables for each event. The general form of the regression equation used is as
follows:

Figure 4. (a) Distribution of themaximum rainfall‐driven, rain‐on‐snow‐driven, and snowmelt‐driven flow events in each
watershed by mean watershed November through March (NDJFM) rain percentage. Streamflow events are standardized
by dividing by watershed drainage area (km2) and mean annual watershed precipitation (cm). The center line of
each box shows the median event for that group, the bottom and top boundaries of the box represent the 25th and 75th
percentiles, respectively, and the whiskers extend to the 5th and 95th percentiles, respectively. The number of watersheds
in each group are shown in parentheses. (b) Ratio of largest streamflow events of each type by watershed NDJFM rain
percentage and across all watersheds. Ratios are calculated using the median event from each distribution. Blue
(green) boxes indicate that events with snow (rain) are larger. The symbol in each box represents the adjusted p value from
the paired Wilcoxon signed‐rank sum test; boxes without symbols have p values less than 0.01. The number in each box
indicates the proportion of watersheds with a ratio > 1.
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log yi;k
� � ¼ f RPi;k

� �þ β1Pi;k þ β2SCi;k þ β3Si;k þ μi þ γim þ θit þ εi;k;

where yi,k is the streamflow response (Δ streamflow) following the kth precipitation event in watershed i; f
(RPi,k) models the effect of rain percentage; β1 through β3 are regression coefficients for precipitation (P),
subsurface storage capacity (SC) , and snowmelt (S), respectively; μi represents the fixed effect for watershed
i; γim are a set of watershed‐month fixed effects; θi is the linear time trend for watershed i; and εi,k is an error
term.We include three specifications for f(RPi,k): a log‐linear function, a piecewise function, and a step func-
tion. The latter two specifications allow for a more flexible response between rain percentage and log(Δ
streamflow).

For the piecewise model, we create five truncated rain percentage variables (RPj) that each capture the effect
of rain percentage over an interval of 10 percentage points (Schlenker & Roberts, 2009; Toms & Lesperance,
2003). For example, RP1 models the effect on streamflow as rain percentage increases from 0% to 20%, RP2
models the effect on streamflow as rain percentage increases from 20% to 40%, … , and RP5 models the effect
on streamflow as rain percentage increases from 80% to 100%. Within each of these intervals, the regression
assumes a linear relationship between rain percentage and log(Δ streamflow). A given rain percentage is
mapped to these variables such that the new variable has a value of 20 if rain percentage is above that inter-
val, a value of 0 if rain percentage is below that interval, and a value equal to the rain percentage minus the
lower bound if the rain percentage is within that interval. For example, if the event rain percentage is 32%,
RP1 is assigned a value of 20, and RP2 is assigned a value of 12. This approach ensures continuity at the inter-
val break points.

To model f (RPi,k) as a step function, we create binary variables to group events by rain percentage within
intervals of 10 percentage points. For example, one variable is used to indicate events that are between 0
and 10% rain, a second variable indicates events that are between 10 and 20% rain, and so on. We use smaller
bins of 10 percentage points for the step function to allow for a more flexible response function (Schlenker &
Roberts, 2009). The first variable (indicating events with 0–10% rain) is used as the “reference” group and is
not included in the regression. The coefficients estimated for the remaining variables describe events in each
group relative to events in the reference group.

We use the lfe package in the R computing language to compute the panel regression coefficients
(Gaure, 2013).

2.6. Quantifying Robustness of the Panel Regression

We use a bootstrap resampling technique (Efron & Tibshirani, 1986) to quantify uncertainty in the estimated
regression coefficients. For each bootstrap iteration, we randomly sample with replacement from the origi-
nal set of 410 stream gages to obtain a new set of 410 stream gages, where some gages are included multiple
times, and others are not included at all. We recalculate the panel regression coefficients for the new dataset
using all three model specifications. We repeat this process 1,000 times and use the distribution of estimated
coefficients to measure uncertainty in the response functions. For each bootstrap replicate, we also calculate
the difference between the piecewise model slopes and the slope for the simple log‐linear specification. This
results in a distribution of differences for each interval, which we use to test the difference between the pie-
cewise model and the log‐linear model.

Each response function characterizes the average response across all watersheds. Due to the large range of
climates and physical characteristics represented by the watersheds in our study, we also test the sensitivity
of the modeled response function to a number of watershed characteristics. We group watersheds into the
driest third, the wettest third, and the middle third, based on mean annual precipitation. We also group
watersheds by size into the smallest, middle third, and largest thirds, and by slope into the flattest, middle,
and steepest thirds. We test the sensitivity of the response among watersheds with low and high degrees of
human alteration (using the “reference” and “nonreference” designations in GAGES‐II to define low and
high alteration, respectively). Lastly, we group the watersheds into the four National Center for
Environmental Information (NCEI) climate regions that cover the western US (Northwest, West,
Southwest, and Northern Rockies). We repeat the same bootstrapping procedure to estimate uncertainty
around the response function within each subset of watersheds.
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3. Results
3.1. Hydroclimatic Characteristics of Western US Watersheds Based on Mean Rain Percentage

The 410 watersheds experience a wide range of winter conditions, with some watersheds receiving almost
entirely rain and some watersheds receiving almost entirely snow (Figure 1a). As expected, most watersheds
with low rain percentages are located at high elevations or high latitudes (Figure 1b). Likewise, watersheds
with high rain percentages are mostly located at lower elevations. Watersheds with winter temperatures
between the 0 °C and−5 °C elevation‐latitude isotherms receive amix of rain and snow over the cold season.
Most watersheds have not experienced significant changes in cold‐season rain percentage over the 1980–
2016 period (p > 0.05; Figure 1c). The watersheds that have experienced significant trends (p < 0.05) are
mostly located between the 0 °C and −5 °C elevation‐latitude isotherms (Figure 1d). In these watersheds,
both increasing and decreasing trends have occurred. These changes in the rain percentage of precipitation
could result from changes in temperature, shifts in the timing of precipitation (towards either warmer or
colder parts of the season), or both.

Figure 3 shows the seasonal patterns of the largest (top 25%) precipitation and streamflow events as a func-
tion of mean watershed NDJFM rain percentage. The timing of precipitation events is similar across water-
sheds, with more frequent precipitation in November throughMarch and less frequent precipitation in June
through August (Figure 3a). Average watershed rain percentage is correlated with average annual precipita-
tion (Figure S1). Because spring snowmelt is a critical component of streamflow in colder watersheds, the
timing of high streamflow is very dependent on the average watershed NDJFM rain percentage
(Figure 3b). In watersheds with less than 50% rain, streamflow peaks tend to be concentrated later in the sea-
son, with a majority (70%) of events occurring May through July. In contrast, in watersheds with high rain
percentages, most high streamflow events occur at the same time of year as large precipitation
events (Figure 3b).

The magnitude of the largest streamflow events (Figure 3d) is not a direct reflection of the size of precipita-
tion events (Figure 3c). The largest streamflow events occur in warmer watersheds with >80% NDJFM rain,
although the size of precipitation events is fairly consistent across watersheds with >40% NDJFM rain
(Figure 3c). Additionally, the coldest watersheds (<10% rain) have larger streamflow peaks than watersheds
with 10–40% rain (Figure 3d), despite having smaller precipitation events (Figure 3c).

Our analysis of streamflow events (Figure 4) supports earlier conclusions that both rain and snowmelt are
important sources of runoff during peak streamflow, although the size of snowmelt‐driven vs. rainfall‐driven
streamflow peaks varies depending on the average watershed rain percentage (to control for differences in
precipitation between watersheds, we standardize streamflow by dividing by mean annual precipitation
and watershed area). Snowmelt‐driven events are largest in the coldest watersheds (0–20% rain), whereas
rainfall‐driven events and rain‐on‐snow events are largest in the warmest watersheds (80–100% rain;
Figure 4a). Interestingly, the smallest rain‐on‐snow events occur in watersheds with 40–60% rain. While
rain‐on‐snow events often lead to the largest streamflow peaks, 39% of watersheds have rainfall‐driven
streamflow peaks that are larger than rain‐on‐snow‐driven peaks, and 20% of watersheds have snowmelt‐
driven peaks that are larger than rain‐on‐snow‐driven peaks (Figure 4b). In watersheds with >80% rain,
63% of watersheds have rainfall‐driven streamflow peaks that are larger than rain‐on‐snow streamflow
peaks (Figure 4b).

Overall, these results suggest a nonlinear increase in the size of rainfall‐driven and rain‐on‐snow‐driven
streamflow peaks as the average watershed rain percentage increases (Figure 4a). Rainfall‐driven stream-
flow peaks in the warmest watersheds (>80% rain) are more than 4.5 times as large as rainfall‐driven stream-
flow peaks in the coldest watersheds (0–20% rain). This is not surprising because most of the precipitation in
the coldest watersheds falls as snow, meaning a significant portion of runoff is delayed until spring snow-
melt. However, rainfall‐driven streamflow peaks in the warmest watersheds (>80% rain) are still more than
2.5 times as large as snowmelt‐driven streamflow peaks in the coldest watersheds (0–20% rain).

We compare snowmelt intensity with precipitation intensity in each watershed to evaluate whether histor-
ical snowmelt rates exceed historical precipitation rates (Figure 3e). For the majority of watersheds, maxi-
mum precipitation rates exceed maximum snowmelt rates over 1‐day and 3‐day timescales. In the coldest
watersheds (0–20% rain), precipitation rates exceed snowmelt rates for 93% of watersheds within the 1‐
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Figure 5. (a) Historical response of streamflow to changes in event rain percentage. Results from the piecewise regression using log(Δ streamflow) as the dependent
variable are transformed to show percentage changes in Δ streamflow (black line). The left (right) axis shows Δ streamflow relative to 0% (100%) rain events. Purple
shading indicates the 95% confidence interval from bootstrapping the results 1,000 times. Bootstrap samples were generated by randomly selecting stream gage
stations with replacement from the stations shown in Figure 1. (b) As in (a), but with y‐axis showing log(Δ streamflow) response. Purple lines show the individual
response functions estimated from each bootstrap iteration. Gray colors along the x‐axis indicate the proportion of bootstrap replicates that estimated statistically
significant effects of rain percentage within each bin. Red/blue colors along the x‐axis indicate the proportion of bootstrap replicates where the estimated bin slope
was larger than the slope of a simple log‐linear model calculated across the entire range of rain percentages. (c) Results of the regression using a step function
specification. Purple lines show individual bootstrap estimates, using the same bootstrapping procedure as in (a) and (b).

10.1029/2019WR025571Water Resources Research

DAVENPORT ET AL. 11 of 19



day timeframe, for 58% of watersheds within the 3‐day timeframe,
and for 29% of watersheds within the 8‐day timeframe (Figure 3e).
Among watersheds with >20% rain, a majority have precipitation
rates that exceed snowmelt rates at all three timescales.

3.2. Effect of Rain Fraction on the Response of Streamflow to
Precipitation/Snowmelt Events

We use the panel regression to measure the effect of increasing rain
percentage on the streamflow response immediately following preci-
pitation and snowmelt events. As expected, the shift from snow‐

dominated precipitation and snowmelt to rain‐dominated precipitation significantly affects streamflow,
with higher rain percentages leading to a larger streamflow response (Figure 5). As suggested by our analysis
of streamflow peaks (Figure 4), the effect of increasing rain percentage is nonlinear. For example, for a given
precipitation amount, events with 100% rain contain twice as much liquid precipitation as events with 50%
rain, but generate streamflow increases that are approximately 2.4 times as large (Figure 5a). Similarly, pre-
cipitation events that are 100% rain have 25% more liquid precipitation than events that are 80% rain, but
generate streamflow increases that are, on average, 33% larger. We find that the streamflow response esti-
mated between 0 and 20% is consistently flatter than the slope estimated for the log‐linear model, meaning
the effect of increasing rain percentage is lower in this range (Figure 5b). At rain percentages above 20%, the
piecewise model is not significantly different from the log‐linear model. Thus, the effect of increasing rain
percentage on the streamflow response is approximately exponential in this range.

The step function shows a similar effect of rain percentage on streamflow response (Figure 4c); that is, there
is a smaller change in the response of streamflow to increases in rain percentage below 20% and an approxi-
mately log‐linear relationship above 20%. We find that precipitation amount and concurrent snowmelt also
have statistically significant (p < 0.01) positive effects on the streamflow response, although the effect of
snowmelt is larger than that of precipitation (Table 1). As expected, antecedent subsurface storage capacity
has a significant (p < 0.01) negative effect on the streamflow response, meaning that more available soil sto-
rage reduces the streamflow response (Table 1).

The magnitude of the estimated response function is sensitive to average watershed precipitation amount,
with the wettest watersheds exhibiting the strongest response to changes in rain percentage (Figure 6a).
Consistent with this result, the response to increased rain percentage is larger in the Northwest region
(Oregon, Washington, and Idaho) compared to other regions, although the differences between geographic
regions are less pronounced than the differences between precipitation regimes (Figure 6e). The response
function is less sensitive to physical watershed characteristics like slope and drainage (Figures 6b and 6c).
The mean response is largest for the steepest watersheds, but the uncertainty bounds overlap for the three
groups (Figure 6b). The steepest watersheds are also some of the wettest (Figure S1), so the larger mean
response may result from the correlation between average precipitation and watershed slope. In agreement
with recent work showing that natural and managed watersheds respond similarly to climatic changes
(Ficklin et al., 2018), we find similar response functions between watersheds with varying degrees of human
alteration (Figure 6d). Taken together, these sensitivity tests identify some important differences in the
streamflow response across watersheds, although the pattern of nonlinear increases in response to increasing
rain percentage is robust. Overall, the sensitivity testing shown in Figure 6 suggests that the fixed effects in
the regressionmodel control well for static watershed characteristics like slope, area, and degree of alteration.

4. Discussion

We have quantified changes in the streamflow response to variations in the fraction of precipitation and run-
off from snow and rain. Overall, snow‐dominated watersheds have smaller flood peaks than mixed‐regime
or rain‐dominated watersheds (Figures 3 and 4a). In addition, in the panel regression analysis of streamflow
immediately following individual precipitation and snowmelt events, we find that the empirical relationship
between rain percentage and the subsequent streamflow response is nonlinear, with rain‐dominated runoff
leading to proportionately larger streamflow peaks than snowmelt‐dominated or mixed rain‐and‐snow run-
off (Figures 5 and 6). However, changes in rain percentage have a smaller effect when rain percentage is
below 20%.

Table 1
Selected Coefficients From Piecewise Linear Regression (see Methods section 2.5)

Dependent variable: log(Δ streamflow)

Subsurface storage capacity (mm) −0.001*** (0.0001)
Precipitation (mm) 0.037*** (0.0002)
Snowmelt (mm) 0.092*** (0.001)

Note. Standard error for each coefficient shown in parentheses.
*p < 0.1. **p < 0.05. ***p < 0.01
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Compared to previous work that analyzed snowmelt and precipitation intensity at snow telemetry sites
(Fassnacht & Records, 2015; Harpold & Kohler, 2017; Yan et al., 2018, 2019), our results indicate a smaller
proportion of sites where snowmelt intensity exceeds precipitation intensity, especially on short (1‐day or 3‐
day) timescales. Yan et al. (2019) also found that annual maximum snowmelt rates have been decreasing
throughout the region, while annual maximum precipitation rates have shown no change or have increased
slightly. The difference between previous studies and the snowmelt vs. precipitation rates presented in our

Figure 6. Panel regression results for subsets of the study watersheds. (a) Watersheds grouped into the driest third (<73 cmmean annual precipitation), intermedi-
ate third (73–112 cm mean annual precipitation), and wettest third (>112 cm mean annual precipitation). (b) Watersheds grouped into the smallest third (<111
km2), intermediate third (111–456 km2), and largest third (>456 km2). (c)Watersheds grouped by flattest third (<23% slope), intermediate third (23–33% slope), and
steepest third (>33% slope). (d) Watersheds grouped by degree of human alteration based on the “reference” (low alteration) and “nonreference” (higher alteration)
designations from the Geospatial Attributes of Gages for Evaluating Streamflow (GAGES‐II) database. (e) Watersheds grouped by National Center for
Environmental Information (NCEI) climate regions. In all panels, shading shows the 95% bootstraped confidence intervals for each group.
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study could result from biases in modeled snowmelt compared to snow telemetry observations but may also
reflect the difference between snowmelt rates at the scale of a monitoring station versus at the scale of an
entire watershed. Whereas precipitation can cover an entire watershed, snowmelt is unlikely to occur at
all elevations within a watershed at once. Our comparisons of snowmelt rates with precipitation intensity
at the watershed scale suggest that, as a larger percentage of precipitation falls as rain, it is possible that run-
off rates during rainfall events could exceed maximum historical snowmelt rates for most watersheds.

Nonlinearity in streamflow peaks has been observed in multiple studies (Robinson et al., 1995; Sivapalan
et al., 2002) and can arise from a number of factors including the amount of liquid water input, antecedent
conditions that impact runoff efficiency (Vivoni et al., 2007), and physical watershed characteristics (Vivoni
et al., 2008). Event rain percentage, the independent variable in our panel regression, is a measure of the
liquid water input during each event, and, thus, liquid water input is likely the primary driver of the non-
linear response estimated in the regression. Differences in precipitation intensity during rain compared with
mixed rain‐and‐snow precipitation could also contribute to the nonlinear response. Higher streamflow‐to‐
snowmelt ratios have also been found during faster snowmelt conditions (Barnhart et al., 2016), which
may be more likely to occur during warmer, mixed rain‐and‐snowmelt events.

The sensitivity analysis (Figure 6) reveals that streamflow in the wettest watersheds is more sensitive to
changes in rain percentage than streamflow in the driest watersheds. This difference highlights the impor-
tance of wet antecedent conditions in watersheds receiving the most precipitation and suggests more effi-
cient partitioning of rain into streamflow in wetter watersheds. While physical watershed characteristics
such as average slope and watershed area have important effects on differences in streamflow across water-
sheds, these characteristics do not significantly affect the within‐watershed response to changes in rain per-
centage (Figure 6). In other words, the steepest and flattest watersheds experience a similar percent change
in streamflow following an increase or decrease in rain percentage. However, watershed topography could
contribute to the modeled response function shown in Figures 5 and 6, as the distribution of elevation (hyp-
sometry) located below the freezing level changes for each precipitation or snowmelt event. Thus, runoff effi-
ciency could increase as larger or steeper portions of each watershed are exposed to above‐freezing
conditions (i.e., as rain percentage increases).

Our analysis of streamflow events (Figure 4a) agrees with previous work showing that snowmelt‐driven
peaks decrease in size as the seasonal rain fraction increases (Harpold & Kohler, 2017; Rood et al., 2016;
Solander et al., 2017). At the same time, the panel regression (Figures 5 and 6) shows that increases in rain
fraction lead to larger streamflow peaks. Thus, if the timing and amount of precipitation in the western US
remains similar in the future but rain fraction increases as projected (e.g., Ashfaq et al., 2013), increases in
rainfall‐driven and rain‐on‐snow‐driven streamflow peaks could be larger than decreases in snowmelt‐
driven streamflow peaks, especially given that maximum precipitation rates exceed maximum snowmelt
rates for the majority of watersheds (Figure 3).

However, the change in rain percentage needed for rainfall‐driven streamflow peaks to exceed snowmelt‐
driven streamflow peaks will likely vary across watersheds. In mixed‐regime watersheds (>50% NDJFM
rain), rainfall‐driven and rain‐on‐snow‐driven streamflow peaks are similar or slightly larger than the lar-
gest snowmelt‐driven peaks (Figure 4b). Therefore, higher rain percentages could immediately lead to
increases in the largest streamflow peaks. In colder watersheds (typically at high latitude and/or high eleva-
tion), historical snowmelt‐driven peaks are larger than rainfall‐driven peaks, and larger reductions in snow‐
to‐rain ratios may be required before the magnitudes of rainfall‐driven peaks exceed those of historical
snowmelt‐driven floods. Temporary reductions in flood risk due to decreases in the size of snowmelt‐driven
floods are also possible for the coldest watersheds, especially if warming causes some snowmelt to occur ear-
lier in the season, reducing the amount of water stored in snowpack in the spring.

These patterns are consistent with earlier work reporting that snow‐dominated watersheds are more likely
to experience decreasing or insignificant trends in flood size, whereas warmer mixed‐regime watersheds are
more likely to have experienced increasing trends in flood size (Hamlet & Lettenmaier, 2007; Loukas et al.,
2002). Similarly, Li et al. (2019) found that a majority of watersheds along the west coast experience increases
in the 100‐year flood risk as the amount of snow decreases under future warming, but that changes in 100‐
year flood risk are likely to be more varied for watersheds in the Rocky Mountains. Building on these earlier
studies, our results provide additional insight into how the size of floods varies between watersheds with
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different snow regimes and why increasing rain percentages can have a more immediate impact on high
streamflow in mixed‐regime watersheds than in the coldest watersheds. Further, our results show that the
wettest watersheds (particularly those in the Northwest and West regions) show the highest sensitivity to
changes in rain percentage.

We note a number of considerations for evaluating our results. One source of uncertainty is the relatively
coarse (1/8°) resolution of NLDAS‐2 compared to the topographic complexity of mountainous watersheds.
To evaluate this uncertainty, we compare the NLDAS topography to a 30 m digital elevation model
(Figure S2). The NLDAS‐2 elevation grid gives unbiased estimates of mean watershed elevation but overes-
timates low elevations and underestimates high elevations within each watershed. NLDAS‐2 represents the
hypsometric curve of large watersheds more accurately than for small watersheds. Because the VIC model
uses elevation banding to model subgrid‐scale topographic complexity, these comparisons represent the
upper bound on disagreement, as the subgrid elevation banding provides additional heterogeneity within
each grid point. Further, we note that although the coarse model grid could affect the modeled snowfall
and snowmelt used in our analyses, all of our streamflow calculations rely on stream gage observations
and therefore reflect the true watershed hypsometry.

There is also uncertainty associated with modeled estimates of snow and rain partitioning, as well as SWE.
For example, recent work suggests that precipitation phase partitioning is not well captured by a simple tem-
perature threshold model (Harpold et al., 2017). To assess the error associated with modeled SWE, we com-
pare VIC SWE estimates with 766 SNOTELmonitoring sites (Figure S3a–b). VIC SWE estimates show strong
correlation with SNOTEL observations (60% of locations have correlations above 0.75) but frequently have a
negative bias (Figure S3b). The differences between VIC and SNOTEL are likely due to a combination of
model error and scale mismatch between the point observations and the NLDAS‐2 grid. Given the scale mis-
match, we also compare SWE calculated from VIC with that calculated from the higher resolution Sierra
Nevada Snow Reanalysis (“SNSR”; Margulis et al., 2016) for the 53 watersheds that overlap with the
SNSR domain (Figure S3c–d). At the watershed scale, VIC SWE estimates are highly correlated with
SNSR, including 57% of watersheds with correlations above 0.90. Additionally, the VIC SWE values exhibit
smaller bias relative to SNSR than relative to SNOTEL. While snow pillow observations may provide the
most accurate estimates of SWE, the existing monitoring stations only measure SWE at point locations that
are mostly situated at lower and middle elevations, making them poor estimators of watershed‐scale SWE
(Bales et al., 2006; Painter et al., 2016). Previous research indicates that simulated SWE estimates covering
a larger spatial extent can predict streamflow as well or better than point observations (Rosenberg et al.,
2011). Likewise, assessments of NLDAS‐2 found that the VIC model captures the seasonal streamflow cycle
very well in mountainous regions, indicating that the modeled snowmelt estimates are appropriate for the
basin‐wide analyses used in this study (Cai et al., 2014; Xia et al., 2012).

Finally, there are limitations with the streamflow observations. We use daily‐mean streamflow observations,
which are available over a longer time period and for more stations than instantaneous streamflow esti-
mates. However, daily‐mean streamflow can underestimate the magnitude of instantaneous streamflow
peaks, particularly for events with the fastest response times. Snowmelt‐driven streamflow often has a diur-
nal signal due to a peak in snowmelt rates in the afternoon (Lundquist et al., 2005). Therefore, our results
may underestimate the streamflow response to rain events where the peak duration is much shorter than
1 day or for snowmelt‐driven events where streamflow is likely to rise and fall throughout the day. Our ana-
lysis also excludes stream gages that only operate seasonally because of freezing conditions at the gage site.
As a result, the coldest watersheds may be slightly underrepresented in our analysis, although our results
still include watersheds that receive almost exclusively snow precipitation over the November–March
period (Figure 1).

5. Conclusions

Our results reveal an approximately exponential response of streamflow to rain/snow fraction over the wes-
tern United States during the 1980–2016 period. That relationship implies large potential for continued
regional warming to increase flood risk, even without changes in precipitation frequency, magnitude, or tim-
ing. Rain causes significantly larger flood events than snow, both within watersheds and across our
watershed sample. The approximately exponential relationship means that decreasing snow fraction leads
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to proportionally larger increases in streamflow. Further, the wettest watersheds show the largest response
to changes in rain/snow fraction. Extrapolating from our empirical results, wet, mixed‐regime watersheds,
such as those along the coastal ranges, can be expected to see the most immediate increases in flood size
in response to continued warming. In contrast, high‐elevation snow‐dominated watersheds may see more
delayed changes in flood risk, due to the competing influence of decreasing snowmelt‐driven floods and
increasing rainfall‐driven floods.

Increases in flood risk pose a particularly difficult challenge for the western US, where infrastructure is
already vulnerable to winter flooding events (CSIWG, 2018). Our results provide a new, comprehensive
quantification of the contribution of snowfall to flood control in the region. The approximately exponential
relationship identified in our results emphasizes that temperature‐induced changes in snow fraction are
likely to strongly influence future changes in flood risk, regardless of uncertainty about future changes in
total precipitation.

Data Availability Statement

The daily stream gage data are available from the United States Geological Survey (https://waterdata.usgs.
gov/nwis/sw). The GAGES‐II dataset is available from https://doi.org/10.3133/70046617. The NLDAS‐2
Forcing data (https://doi.org/10.5067/6J5LHHOHZHN4) and VIC model output (https://doi.org/10.5067/
ELBDAPAKNGJ9) are available from the NASA Goddard Earth Sciences Data and Information Services
Center. Source code for the analysis is available at https://github.com/fdavenport/WRR2019.
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