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Abstract The related challenges of predictions in ungauged basins and predictions in ungauged climates
point to the need to develop environmental models that are transferable across both space and time. Hydro-
logic modeling has historically focused on modelling one or only a few basins using highly parameterized
conceptual or physically based models. However, model parameters and structures have been shown to
change significantly when calibrated to new basins or time periods, suggesting that model complexity and
model transferability may be antithetical. Empirical space-for-time models provide a framework within which
to assess model transferability and any tradeoff with model complexity. Using 497 SNOTEL sites in the western
U.S., we develop space-for-time models of April 1 SWE and Snow Residence Time based on mean winter
temperature and cumulative winter precipitation. The transferability of the models to new conditions (in both
space and time) is assessed using non-random cross-validation tests with consideration of the influence of
model complexity on transferability. As others have noted, the algorithmic empirical models transfer best
when minimal extrapolation in input variables is required. Temporal split-sample validations use pseudorepli-
cated samples, resulting in the selection of overly complex models, which has implications for the design of
hydrologic model validation tests. Finally, we show that low to moderate complexity models transfer most
successfully to new conditions in space and time, providing empirical confirmation of the parsimony principal.

Plain Language Summary A challenge for environmental modeling and prediction is to create
models that work everywhere. This includes places where we don’t have data and it also includes the future.
An additional challenge is choosing an appropriate model for these new conditions.To select a model,
we built snow models of varying complexity and evaluated how well they predicted snowpack in new
locations and time periods. The models performed well when applied to new time periods since certain
environmental variables remained constant over time, including shading and solar radiation, resulting in
the time samples being statistically dependent. For these applications, validation tended to select overly
complex models. When applied to new locations, the models provided good predictions as long as the
conditions in the new location were not drastically different from the conditions the model was trained on.
Finally, we found that simple to moderate-complexity models did better than complex models at predicting
in new conditions.

1. Introduction

A core mission in hydrologic science is to improve the transferability of hydrologic models in space and time
(Bl€oschl et al., 2013; Hrachowitz et al., 2013; McMillan et al., 2016; Montanari et al., 2013; Sivapalan et al.,
2003a). Two competing narratives about how to best achieve generality are apparent in the literature: one
calling for additional detail in process representation in models (the ‘‘bottom-up’’ approach), and a second call-
ing for a more conceptual, scale-appropriate reframing of hydrologic modeling (the ‘‘top-down’’ approach)
(e.g., Dooge, 1986; Hrachowitz & Clark, 2017; Liang et al., 1994; Sivapalan et al., 2003b; Young, 2003). Parsi-
mony is a key element of this debate, usually applied to support top-down modeling approaches, and the pri-
mary lines of argument have been with respect to parameter identifiability and interpretability for either
parameter transferability or diagnosis of models (e.g., Franchini & Pacciani, 1991; Jakeman & Hornberger,
1993; Kirchner, 2006; Kirchner et al., 1996; Wagener & Gupta, 2005; Wagener et al., 2001; Young, 2003). The
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potential for more parsimonious models to transfer better (e.g., Burnham & Anderson, 2004; Schoups et al.,
2008; Wenger & Olden, 2012) has been less well explored in hydrologic modeling.

The argument for greater complexity in models posits that poor model generality is due to a lack of process
representation. Drawing on this philosophy, it is easy to conclude that another module or subroutine is
needed to capture process X, Y, or Z when testing a model developed in one basin against data from
another (see e.g., Kirchner et al., 1996). Following this practice to its logical conclusion is a scientific land-
scape filled with finely crafted models for each unique basin (e.g., McDonnell et al., 2007), accompanied by
greater difficulty claiming success in transfer of these models across catchments (e.g., Bl€oschl et al., 2013). A
critical issue is that some process representations within complex models are more conceptual than physi-
cal in their basis; consequently there can be inherent problems in transferability that can effectively only be
rectified through calibration (e.g., Beven, 2001; Clark et al., 2016; Dooge, 1986; Kleme�s, 1986a; McDonnell
et al., 2007; Sivapalan, 2009). In other words, adding complexity may only serve to improve fits to local idio-
syncratic behavior and not really serve as a means for generalization. Distinguishing whether model com-
plexity serves generalizability or capacity to fit to individual basins can only be achieved through rigorous
validation (e.g., Andr�eassian et al., 2009; Clark et al., 2011; Gupta et al., 2008, 2014; Kleme�s, 1986b; Refsgaard
& Knudsen, 1996; Seibert, 2003; Wagener et al., 2001).

These conversations highlight an empirical nature underlying much of hydrologic modeling (e.g., Gupta
et al., 2012), even in ‘‘physically based’’ models. As we consider more top-down conceptualizations with
larger lumped time and space scales, it is likely that our models will appear less ‘‘physically based’’ and
more ‘‘empirical’’, but the distinction may be a misperception. Physical basis resides primarily in the concep-
tual representation (sensu Gupta & Nearing, 2014), which relates to choices of scales, input variables, and
parameters. A key consideration is often whether the model conserves mass. If one can achieve a scale-
appropriate representation in a top-down formulation, a strong physical basis can be made for model ele-
ments that are larger than plot-scale experiments. Although the hypothetical promise of physically based
models is application to any location based on independent measurements of model parameters, that
promise has not been widely fulfilled (e.g., Bl€oschl et al., 2013), and most hydrologic models still retain
parameters that are not measureable outside of the context of the model itself, e.g., through calibration.
The need to ‘‘transfer’’ information from a time and place where calibration data are available underscores
the empirical aspects of hydrology.

We often conflate complexity and physical basis in hydrology because so many of our models use numeri-
cal integration algorithms operating on many spatial and/or vertical elements at sub-daily time scales. How-
ever, in an information-theoretic context, complexity refers to how much flexibility a model has when being
calibrated, which is related to the number of adjustable parameters. Since we do not often assign unique
adjustable parameters to the many elements in our physically based models, these models might be better
termed ‘‘complicated’’ than ‘‘complex’’. An underappreciated irony is that soundly developed physically
based models tend to be less complex than brute-force descriptive empiricism. An example of the latter is
temperature index snowmelt models, which require several adjustable parameters to be set during calibra-
tion. In contrast, even complicated multilayer snowmelt models typically require fewer parameters, so are
less complex, though they have greater requirements for weather input streams. Here, physical understand-
ing can, if correctly developed and applied, constrain behaviors, limiting the need to adjust parameters.
Incorrect reasoning, however, can force addition of further complexity to compensate for errors introduced
by flawed logic (e.g., Mendoza et al., 2015).

To summarize these points, the goals of greater transferability, improved physical basis, and greater parsi-
mony in models are convergent along with those of building and honing the underlying hydrologic theory
(see e.g., Clark et al., 2016; Gupta & Nearing 2014). Advancing these goals is done by confronting the ideas,
predictions, or models with data in a model selection process (e.g., Burnham & Anderson, 2004, Clark et al.,
2011, 2015), where alternative models are calibrated then tested against new validation data from a differ-
ent time and/or place.

Evaluating model transferability through model validation is particularly important in the context of climate
change impact evaluation (Refsgaard et al., 2014). Uncertainty contributions from climate models alone are
quite substantial (Bl€oschl & Montanari, 2010; Wenger et al., 2013), particularly due to high precipitation
uncertainty, but additional uncertainty from hydrologic models also has consequences for recommended
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adaptations or estimates of the value of mitigation (Li et al., 2012; Peel & Bl€oschl, 2011; Thirel et al., 2015). A
specific concern for top-down models, which often seem to rely on descriptive empirical relationships, is
that the underlying relationships may change over time (Hay & Clark, 2003; Lima & Lall, 2010; Merz et al.,
2011; Milly et al., 2008; Wilby & Wigley, 1997), which raises questions about how well suited top-down mod-
els are for climate change impact assessments.

Changes in snow are expected to be one of the most direct and substantial effects of climate change in cold
regions. While some validation of physically based snow models has been done, with models showing quite a
range in performance (Essery et al., 2009; Etchevers et al., 2004; Rutter et al., 2009), little has been done for
conceptual, top-down snow models such as those framed by Woods (2009) or Luce et al. (2014). Furthermore,
Global Circulation Models are primarily used for assessing climatological changes and are rarely used to
express changes at shorter time scales such as those typically used in physically based models (e.g., daily to
sub-daily). There is consequently some utility in validating top-down models with seasonal temporal scaling.

Here we explore tradeoffs in model complexity and transferability in the context of the validation of a con-
ceptual model of snowpack at the seasonal time scale (Luce et al., 2014). Using snowpack spatial analog
(also called ‘‘space-for-time’’) models of varying complexity we address two primary questions: 1) how much
error (a measure of transferability) should be expected when a conceptual model built on temperature and
precipitation is validated under new conditions, and 2) how does the level of model complexity affect the
ability of the model to transfer to new conditions? Examining these questions highlights some useful issues
to consider in validation more broadly and lends support to the use of conceptual snowpack models in cli-
mate change impact studies.

2. Data and Methods

Using data from sites throughout the western U.S., we built spatial analog models of April 1 snow water equiv-
alent (A1SWE) and Snow Residence Time (SRT). To address our first question, ‘‘how much error should be
expected in validation?’’, we developed a transferability assessment involving two leave-one-out cross-valida-
tion (LOOCV) tests and eight non-random cross-validation (NRCV) tests. For each test we evaluated the calibra-
tion and validation statistics. We also tested how well the models predicted A1SWE and SRT in water year
2015, a particularly warm and dry winter. To address our second question, ‘‘how does model complexity affect
transferability?’’, we built models of a range of complexities, reran the LOOCV and NRCV tests, and compared
the performance of the model calibrations and validations to the level of model complexity.

2.1. Data
The spatial analog models considered two independent variables: cumulative winter precipitation and
mean winter average temperature. Daily precipitation observations from Natural Resources Conservation
Service (NRCS) Snowpack Telemetry (SNOTEL) sites in the contiguous western United States were obtained
from http://www.wcc.nrcs.usda.gov/snow/. Sites with data for every year between water years 1991 and
2011 were selected (n 5 497; locations and elevations are shown in supporting information Figure S1) and
analysis was restricted to this time period to allow easy comparison with Luce et al. (2014) (see supporting
information). Mean winter precipitation (�P) was calculated as the mean across years of the cumulative win-
ter (November through March) precipitation at each site.

Temperature data were obtained from the TopoWx dataset (Oyler et al., 2014). The TopoWx product
addresses inhomogeneities in observational data records, including step changes in SNOTEL temperature
records (Oyler et al., 2015). The TopoWx SNOTEL temperature product ingests observational SNOTEL tem-
perature data and applies United States Historical Climatology Network (USHCN) quality control methods,
the pairwise homogenization algorithm of Menne and Williams (2009), and infilling procedures which con-
sider topography and reanalysis data. We downloaded minimum and maximum TopoWx infilled tempera-
ture data for the 497 selected SNOTEL sites from ftp://mco.cfc.umt.edu/resources/TopoWx-source/auxiliary_
data/station_data/. Daily mean temperatures were calculated as the arithmetic mean of TopoWx daily mini-
mum and maximum temperatures. Mean winter temperature (�T ) was calculated as the mean across years
of the mean winter average temperature.

Two dependent variables were considered: April 1 SWE (A1SWE) and Snow Residence Time (SRT). A1SWE is
commonly used in water management as an approximate metric of peak snowpack and was taken directly
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from the SNOTEL observations. SRT is a measure of the duration of the snowpack which may be more useful
to ecological and biological applications than to water management. SRT was calculated from SNOTEL
records for each year as the difference between the center of timing of snow melt (CTmelt) and the center
of timing of snow accumulation (CTacc), following Luce et al. (2014) (in particular note Figure 1 and equa-
tions (1) and (2) therein).

2.2. Spatial Analog Models
We used local polynomial regression of A1SWE and SRT against �T and �P at each site. This addresses spatially
sampled heterogeneity in independent and response variables. Often when time series are available tempo-
ral sampling/modeling of such data is applied (e.g., Mote, 2006). In the context of climate change, temporal
analog models consider the idea that warmer futures look like warmer years, and spatial analog models
explore the idea that warmer futures resemble warmer locations. The development and interpretation of
these contrasting approaches are detailed in Luce et al. (2014). A full comparison of the present models
built with TopoWx temperature data and the findings of Luce et al. (2014) using original SNOTEL tempera-
ture data can be found in the supporting information.

We applied a local fit algorithm, the R locfit package (Loader, 1999, 2013), to plot a smooth surface through
the data. Local regression finds a fit for the data points that resembles the unknown function l xið Þ, which
describes the relationship between y (e.g., A1SWE or SRT) and x (�T and �P):

yi5 l xið Þ1 Ei (1)

and i indexes unique observations. Locfit does not require a priori assumptions about the form of the equa-
tion, allowing the data to direct the model including the possibility of an interaction term. In other words,

Figure 1. Distributions of a) mean winter average temperature (�T (8C)) and b) mean winter cumulative precipitation (�P (mm)) for each sample used in the NRCV
tests. Data points are mean values across the years in the sample for a given SNOTEL site. The band in the middle of each box represents the median or 50th

percentile, the bottom and top of each box represent the lower and upper quartiles. Whiskers below the box extend to the lower quartile minus 1.5 times the
interquartile range (IQR) or the minimum data value, whichever is smaller. Whiskers above the box extend to the upper quartile plus 1.5 times the IQR or the
maximum data value, whichever is greater.
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these models are algorithmic as opposed to data models (sensu Breiman, 2001). The model was specified in
R as, for example:

locfitðA1SWE � lpðT ; P; nn50:9; scale5TÞÞ (2)

where nn is a user defined bandwidth with values greater than zero that specifies the smoothness of the fit
and how many observations (nearest neighbors) will be used for the approximation. The nn value is
inversely related to the degrees of freedom of the fit. For the models presented here, nn values of 0.1, 0.5,
1.0, and 1.5 corresponded to roughly 75, 18, 7, and 6 degrees of freedom, respectively. The nn value used to
fit a model can be considered a proxy for model complexity, and nn was varied according to the purposes
of each experiment as described below.

2.3. Addressing Question 1: How Much Error Can Be Expected in Model Validation Under New
Conditions?
Model validation entailed fitting a model to training data and then using the calibrated model to predict
new data. Models were calibrated for a range of complexity levels and the complexity level with the
best calibration performance was used for model validation. Drawing on the concepts outlined in
Kleme�s (1986b), we designed a series of validation tests of varying difficulty, ranging from leave-one-out
cross-validation tests (LOOCV) to simple split-sample tests to proxy-basin differential split-sample tests.
The calibration and validation performances were assessed using a range of statistical metrics detailed
below.
2.3.1. Model Calibration
We framed the question of model complexity or bandwidth as a model selection problem (sensu Burnham
& Anderson, 2004). We calibrated a model for all nn values from 0.1 (most complex) to 2.0 (least complex) in
increments of 0.1 and noted the model with the best corrected Akaike Information Criterion (AICc) score.
This range of nn values was chosen because nn 5 0.1 corresponds to a high number of parameters relative
to the number of sites (76 degrees of freedom for 497 sites) and the model changes very little for nn values
greater than 2.

AIC is designed to assess model performance while penalizing model complexity. It is meant to be one way
to estimate optimal model complexity from a calibration data set, avoiding the computational and data
costs of validation (e.g., Schoups et al., 2008). Because our interest included exploring models with a large
number of parameters, we used the corrected AIC, AICc, which includes corrections for circumstances when
the number of data points is less than 40 times the number of parameters (Burnham & Anderson, 2004; Hur-
vich & Tsai, 1989). AICc is calculated as

AICc5 n log r̂2� �
12K1

2K K11ð Þ
n2K21

(3)

where n is the number of observations and K is the degrees of freedom of influence of the fitted model
plus two to account for the intercept and the residual variance as suggested by Burnham and Anderson
(2004). r̂2 is the maximum likelihood estimate (MLE) of residual variance:

r̂25

P
Ê2

i

n
(4)

where Ê i are the residuals from the fitted model. The first two terms on the right of equation (3) comprise
the original AIC, with the final term on the right comprising the correction. This correction is recommended
for any circumstance where one of the candidate models may have n/K< 40, and is used for the full suite of
candidate models. AICc is a relative value with the lowest AICc among candidate models corresponding to
the best model. For each test, the model complexity with the lowest calibration AICc was used in validation.
The generalized cross-validation statistic (GCV) and Mallow’s CP were also calculated for each calibration.
GCV and CP behaved similarly to AICc.
2.3.2. Evaluation Metrics for Calibration and Validation
Model calibrations and validations were evaluated using a range of statistical metrics including the bias,
root mean squared error (RMSE), and Pearson correlation r-squared value (Cor2). Bias was calculated as the
mean of the prediction errors. We also used the Nash-Sutcliffe Efficiency coefficient (NSE) which ranges
from negative infinity to 1 with an ideal value at unity:
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NSE512
Vr

V
(5)

where Vr is the residual variance and V is the variance of the response variable. An NSE of zero indicates
that the model is only as good as the mean of the values. The Kling-Gupta Efficiency coefficient (KGE) was
also considered for reasons outlined in Gupta et al. (2009). The KGE is calculated as

KGE512

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
r21ð Þ21 /21ð Þ21 b21ð Þ2

q
(6)

where r is the correlation coefficient, / is the ratio of the standard deviation of the predicted values to the
standard deviation of the observed values, and b is the ratio of the mean of the predicted values to the
mean of the observed values. Like NSE, KGE ranges from negative infinity to 1 and is optimized at 1.
2.3.3. Leave-One-Out Cross Validation
LOOCV tests are often used to evaluate the predictive ability of models. We built two LOOCV tests to assess
the transferability of the A1SWE and SRT models. In the temporal LOOCV test, we left out one year of data
and calibrated the model on the remaining years. This model was then used to predict the missing year.
This was repeated for every year. The spatial LOOCV test followed a similar procedure but left out one site
at a time. The model calibrated using all years at all sites (all data) is also presented for comparison.
2.3.4. Nonrandom Cross Validation
In addition to the two LOOCV tests, we developed eight NRCV tests. The tests can be thought of within the
hierarchical model testing scheme developed by Kleme�s (1986b), which progresses from easy tests for
applications which should not challenge the model greatly (e.g., filling in a missing year of data) to more dif-
ficult tests for difficult applications (e.g., predicting in an ungauged basin). Compared to the LOOCV tests,
the NRCV tests can be considered more difficult since the NRCV tests are calibrated on fewer years/sites
than the LOOCV tests (i.e., fewer than 20 years/less than n21 sites) and are required to predict more years/
sites (i.e., more than 1 year or site). Each NRCV test consisted of two roughly equal sized samples of the data
divided either temporally, spatially, or spatiotemporally. The tests were designed to challenge the models’
ability to predict under a variety of new conditions. Each test was composed of four calculation steps com-
prising two calibrations and two validations: 1) the model was calibrated on sample 1 and used to predict
sample 1; 2) the model was calibrated on sample 2 and used to predict sample 2; 3) the model was cali-
brated on sample 2 and used to predict sample 1; and 4) the model was calibrated on sample 1 and used
to predict sample 2. Steps 1 and 2 are hereafter referred to as calibrations and steps 3 and 4 are referred to
as validations. Throughout the paper, general tests (inclusive of all steps) are notated as, for example Cold/
Warm, and particular steps are notated as, for example, Cold-Warm, indicating that the step is calibration of
the model on the cold sample and prediction of the warm sample. For all samples, A1SWE, SRT, �T , and �P
were calculated as the mean value over all years in the sample at each site in the sample.
2.3.4.1. Temporal NRCV Tests
Of the eight NRCV tests, four were temporal contrasts. Following in the tradition of hydrologic model test-
ing, the first test split the data into early and late periods, consisting of the periods 1991–2000 and 2002–
2011, respectively. This test corresponds to the least challenging test in Kleme�s’ (1986b) hierarchy, a split-
sample test, suitable for testing a model’s ability to estimate data for a location it was calibrated on but at
different times. The other three temporal tests can be considered differential split-sample tests, suitable for
testing the models’ ability to predict under changed conditions (e.g., climate change). For the second tem-
poral test, Cold/Warm, the first sample consisted of the four years with the lowest west-wide �T and the sec-
ond sample was the four years with the highest �T . The composited sample size was decreased to four years
to increase the contrast between samples and provide a more challenging test. In the third temporal test,
Dry/Wet, we contrasted the four years with the highest and lowest �P . For the fourth temporal test, we calcu-
lated the winter average of the Multivariate El Ni~no-Southern Oscillation (ENSO) Index (MEI; Wolter & Timlin,
1993). Years with mean winter MEI greater than 0.4 were classified as El Ni~no years (n 5 8), while years with
mean winter MEI less than 20.4 were classified as La Ni~na years (n 5 9).
2.3.4.2. Spatial NRCV Tests
Two of the eight NRCV tests were spatial tests (aka proxy-basin tests in Kleme�s’s (1986b) hierarchy) which
evaluate the models’ ability to predict in new locations. The first spatial test divided the sites into West
(n 5 247) and East (n 5 250) samples along the 2112.58 meridian. The second spatial test divided the sites
into North (n 5 246) and South (n 5 251) samples along the 43rd parallel. Division lines were chosen to
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create roughly equal sample sizes with a range of climates within each sample (supporting information Fig-
ure S1).
2.3.4.3. Spatiotemporal NRCV Tests
The final two NRCV tests combined the Early/Late temporal and West/East spatial tests. These are the most
difficult tests in Kleme�s’s hierarchy, differential proxy-basin split-sample tests. For the Late West/Early East
test, the first sample consisted of the ‘late’ years at the ‘West’ sites and the second sample consisted of the
‘early’ years at the ‘East’ sites. The Early West/Late East test was similar, with the first sample composed of
the ‘early’ years at the ‘West’ sites and the second sample containing ‘late’ years at the ‘East’ sites.
2.3.5. Water Year 2015 Validation
As a final model transferability test, we extracted water year 2015 (1 October 2014 to 30 September 2015)
A1SWE, SRT, and �P data from SNOTEL records and water year 2015 �T from the TopoWx dataset. We used
the model calibrated on the 1991–2011 dataset to predict 2015 A1SWE and SRT. Winter 2015 was excep-
tionally dry and warm across most of the western U.S. and provides a good test of the models’ ability to pre-
dict under conditions similar to those projected for the future (Cooper et al., 2016; Mote et al., 2016). Of the
models of varying complexity calibrated on the full dataset, the best AICc was associated with the model
with nn 5 0.9 for A1SWE and nn 5 0.3 for SRT. These model calibrations were therefore used to predict
2015 A1SWE and SRT, respectively. The space-for-time formulation is really intended to examine climatolog-
ical variations (e.g., relatively long-term averages) rather than individual years, so this test potentially intro-
duces more variability related to timing of events in the season, but the opportunity to contrast to the
extreme year is a fortuitous example.

2.4. Addressing Question 2: How Does Model Complexity Affect Transferability?
To better understand how model complexity impacts model transferability, we ran each of the NRCV and
LOOCV tests and varied the nn values from 0.1 (most complex) to 2.0 (least complex) in increments of 0.1 in
both calibration (as before) and validation. We calculated the statistical metrics detailed above for each nn
value, focusing on NSE and KGE. We noted the nn value associated with the greatest NSE and KGE scores
and contrasted that with the nn associated with the best AICc from the training data. We further contrasted
how NSE and KGE varied between the most complex model (nn 5 0.1) and the model associated with the
best training AICc.

3. Results

Paralleling the organization in the methods section, results are presented with a mind toward answering
the two questions posed in the introduction. The following section 3.1 details the model calibration and val-
idation performance for each of the LOOCV and NRCV tests. In the second half of the results (3.2), the inter-
action of model complexity and model performance is examined with reference to NSE, KGE, and AICc
statistics.

3.1. Question 1: Transferability Assessment
Beginning with a discussion of the independent variables, temperature and precipitation, used in each
NRCV test, we show the calibration and validation performance of the A1SWE models. This is followed by a
similar analysis for the SRT models. Finally, we examine the ability of the models to predict A1SWE and SRT
in water year 2015.
3.1.1. Temperature and Precipitation Contrasts for Split-Samples
Mean winter average temperature (�T ) at SNOTEL sites ranges from 2108C to 158C and for half of the NRCV
tests the temperature distributions of the sample pairs are similar (Figure 1a). The West/East, Late West/Early
East, and Early West/Late East tests have the greatest temperature differences across samples with Western
sites being roughly 38C warmer on average than Eastern sites.

Across all samples, mean winter cumulative precipitation (�P) ranges from 100mm to 3000 mm, with a mean
of 575mm (Figure 1b). The spatial and spatiotemporal NRCV tests show the greatest precipitation contrasts
between sample pairs, followed closely by the Dry/Wet test. The Dry, East, South, Early East, and Late East
samples have 3rd quartile values less than the median value of their sample pair and the East, Early East,
and Late East samples do not have any values greater than the third quartile of their sample pair
(�1000 mm for these cases).

Water Resources Research 10.1002/2017WR020752

LUTE AND LUCE MODEL TRANSFERABILITY VERSUS COMPLEXITY 8831



3.1.2. April 1 SWE
Calibration of the spatial analog model of A1SWE (using all data) based on �T and �P provides a strong fit to
the data with correlation, NSE, and KGE all greater than 0.85 (Table 1, row 1). The performance metrics on
the validations are, of course, poorer, but still strong. The spatial LOOCV is particularly strong, indicating
suitability for transfer to unmeasured sites.

The eight temporal A1SWE NRCV calibrations are strong, with all correlation, NSE, and KGE values greater
than 0.80 (Table 1, gray rows in Temporal section). The calibrations display model structures (Figure 2, col-
umn 1) akin to the backward ‘L’ structure seen in the spatial analog models of the full dataset developed by
Luce et al. (2014) and the present study (see supporting information). This structure indicates how snow
responds to both temperature and precipitation in combination. The figure illustrates that both cool tem-
peratures and substantial precipitation are required for a large snowpack, whereas low snowpack can be
created by either warm temperatures or low precipitation.

The eight temporal A1SWE NRCV validations are also relatively strong, with NSE values based on the lowest
AICc all exceeding 0.70 and KGE values exceeding 0.73. Biases are relatively small, with the worst (Cold-

Table 1
Summary Statistics for LOOCV and NRCV Tests of A1SWE Spatial Analog Models

Rep Bias (mm) RMSE (mm) Cor2 NSE KGE Calibration nnAIC

LOOCV All Data 1.9 105.0 0.86 0.86 0.89 0.9
Leave out one year 2.4 144.0 0.81 0.78 0.80 0.9
Leave out one site 1.5 110.0 0.85 0.85 0.88 0.9

Temporal Early-Early 1.4 112.5 0.86 0.86 0.88 0.9
Late-Early 18.0 121.2 0.84 0.84 0.88 0.9
Late-Late 2.2 106.2 0.86 0.86 0.88 0.9
Early-Late 214.3 113.9 0.84 0.84 0.86 0.9
Cold-Cold 2.0 93.2 0.87 0.87 0.90 0.9
Warm-Cold 58.2 116.9 0.85 0.80 0.85 0.9
Warm-Warm 3.4 105.9 0.81 0.81 0.84 0.9
Cold-Warm 270.4 129.4 0.80 0.71 0.74 0.9
Wet-Wet 2.9 139.7 0.87 0.87 0.89 0.9
Dry-Wet 63.5 171.9 0.86 0.80 0.83 0.7
Dry-Dry 0.0 79.5 0.85 0.85 0.88 0.7
Wet-Dry 212.1 88.0 0.83 0.81 0.77 0.9
El Ni~no-El Ni~no 1.3 107.7 0.82 0.82 0.85 0.9
La Ni~na-El Ni~no 22.1 115.8 0.80 0.79 0.77 0.9
La Ni~na-La Ni~na 2.3 112.4 0.88 0.88 0.90 0.9
El Ni~no-La Ni~na 17.3 121.3 0.87 0.86 0.93 0.9

Spatial West-West 4.2 136.9 0.84 0.84 0.88 1.1
East-West * 296.2 637.7 0.43 22.51 20.32 0.9
East-East 1.4 51.8 0.93 0.93 0.94 0.9
West-East 248.5 80.9 0.89 0.83 0.86 1.1
North-North 0.3 99.2 0.90 0.90 0.91 0.9
South-North * 178.8 378.0 0.71 20.41 0.17 0.8
South-South 2.8 75.1 0.90 0.90 0.91 0.8
North-South 262.5 126.5 0.79 0.71 0.73 0.9

Spatio-temporal Late West-Late West 2.6 138.9 0.83 0.83 0.87 1.1
Early East-Late West * 250.3 546.8 0.51 21.64 20.13 0.9
Early East-Early East 1.6 57.1 0.92 0.92 0.94 0.9
Late West-Early East 246.4 82.8 0.88 0.82 0.86 1.1
Early West-Early West 2.1 145.0 0.84 0.84 0.88 0.9
Late East-Early West * 356.9 761.4 0.35 23.40 20.48 0.9
Late East-Late East 0.7 52.0 0.93 0.93 0.95 0.9
Early West-Late East 226.8 65.1 0.91 0.89 0.91 0.9

Notes: Dark gray boxes indicate calibrations, light gray boxes indicate validations. Rows in the Rep. (data representa-
tiveness) column with an * indicate that the calibration data poorly represented the range of validation values as
described in section 3.1.1. Calibration statistics are presented for the model with the best calibration AICc across nn val-
ues (shown in the Calibration nnAIC column). Validation statistics are presented for the same nn value as used in the cor-
responding calibration.
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Figure 2. Summary of the temporal NRCV tests of A1SWE spatial analog models. Column 1 shows the contours of the spatial analog model calibrated on the sam-
ple dataset with the same text color in that row (e.g., orange contours in column 1, row 1 represent the spatial analog model calibrated on the Early dataset). Cali-
brations use the nn value of the best calibration AICc (Table 1). Contours represent gradations of A1SWE values in mm, indicated by labels on contours. The x-axis
is �T (8C) and the y-axis is �P (mm). Points represent SNOTEL sites in �T -�P space that are within the corresponding calibration dataset (e.g., orange points in column 1,
row 1 correspond to the mean �T and �P values during Early years at each SNOTEL site). Columns 2 and 3 show the predicted versus observed A1SWE values (mm)
for each site. Column 2 shows predictions from the purple model for the orange validation sample and column 3 shows predictions from the orange model for
the purple validation sample. Black lines in columns 2 and 3 mark the 1:1 line, indicating a perfect match between predicted and observed values.
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Warm, 270mm) corresponding to less than 5% of the prediction range. RMSE values are generally in the
range of 110–120, less than 10% of the data range. The Dry model predicting wet conditions has with the
largest RMSE in the group (172 mm), which represents about 7% of the data range.

Spatial and spatiotemporal A1SWE NRCV calibrations are strong with all correlation, NSE and KGE values
greater than 0.82 (Table 1, gray rows in spatial and spatiotemporal sections). However, the calibrated mod-
els illustrate contrasting model structures, with one sample in each pair mimicking the structure seen in the
temporal NRCV models and the all data model and the other sample depicting a less curved structure indic-
ative of lower temperature sensitivity and higher precipitation sensitivity at warmer locations (Figure 3, col-
umn 1). The four calibrations resulting in less curved model structures (East, South, Early East, and Late East)
lack representation of high precipitation conditions (Figure 1), paralleling issues of nonrepresentation illus-
trated by Seibert (2003). These models provide poor validations (Figure 3, column 2; Table 1), and greatly
overestimate A1SWE in warm, wet locations such as the Cascades (not shown).

The four spatial and spatiotemporal validations for which the calibration precipitation data represented
most of the range of the validation precipitation data (West-East, North-South, Late West-Early East, and
Early West-Late East) are able to predict the samples with small precipitation ranges well (Table 1), although
all four tend to slightly underestimate A1SWE.
3.1.3. Snow Residence Time
Calibration of the spatial analog model of SRT using all available data provides a strong fit (Table 2, row 1),
although it is slightly weaker than the A1SWE model. Leave-one-out spatial validation is also strong (Table
2, row 3), indicating transferability across sites. The temporal leave-one-out validation is weaker but still
satisfactory.

Calibrations of the four temporal SRT NRCV tests are strong and capture the nonlinear precipitation and
temperature sensitivities present in the model with all data (Figure 4 and Table 2, gray rows in temporal sec-
tion). Validations for the Early/Late NRCV tests are stronger than those for the Cold/Warm and Dry/Wet vali-
dation tests and comparable to the El Ni~no/La Ni~na validations. This may be due in part to the fact that
Early/Late sample means were calculated over ten years, and the ENSO samples used eight and nine years;
whereas Cold/Warm and Dry/Wet sample means were calculated over four years, making them potentially
more sensitive to interannual variability in �T -�P-SRT relationships. There is also the possibility that the strong
contrast in driving conditions set up by the Dry/Wet and Cold/Warm tests are more challenging, per Kleme�s
(1986b) expectation for differential split-sample tests.

Spatial and spatiotemporal SRT NRCV calibrations are strong with all correlation, NSE, and KGE values
greater than 0.78 (Table 2, gray rows in spatial and spatiotemporal sections). Similar to A1SWE, three of the
calibrations with poor precipitation representation (East, Early East, and Late East) fail to create a physically
reasonable model structure for warm and wet locations (Figure 5, column 1), resulting in large underestima-
tions of SRT in the Northern Rockies and North Cascades (not shown). Three of the four models with good
data representation (West, North, and Late West) provide strong validations (Table 2). The validation using
Early West to predict Late East, however, was fairly poor, and closer examination of the models (Figure 5,
row 4) shows that the Early West calibration data lacks representation in a 2-dimensional sense, with a lack
of samples in the warm and wet corner, yielding more significant errors for those data.
3.1.4. Water Year 2015 Validation
Water year 2015 has been highlighted as a potential example of future conditions in the western U.S. (Coo-
per et al., 2016; Mote et al., 2016; Sproles et al., 2017). Despite the fact that our models are built on climato-
logical means, comparison to this unique year presents an unusual opportunity to test the model on
expected ‘future’ conditions. Averaged across SNOTEL sites, winter 2014–2015 was 2.38C warmer and 15%
drier than the mean conditions in the calibration period (1991–2011), with regional variability including
14–58 temperature anomalies in the Pacific Northwest and 49% of normal precipitation in California.
Roughly 25% of SNOTEL sites had no snow on 1 April 2015, whereas about 5% had no snow on average for
the years 1991–2011 and the previous worst year had 13% of sites with no snow. Sites with no snow on 1
April 2015 were distributed across climatologically warmer areas, with only two sites in Wyoming and Colo-
rado. Average SRT across all sites was about 27% less than the mean SRT during the calibration period.

The spatial analog model of A1SWE calibrated to the full dataset overpredicts 2015 A1SWE in some areas
with observed low or zero snow (such as western Oregon and Washington), but does well for the other sites
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Figure 3. Summary of the spatial and spatiotemporal NRCV tests of A1SWE spatial analog models. See description of Figure 2 for explanation.
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(overall bias 5 47.5mm, RMSE 5 124mm, Cor25 0.72, NSE 5 0.66, KGE 5 0.72; Figure 6a). The SRT model pre-
dicts 2015 SRT well (bias524.5 days, RMSE 5 19.0 days, Cor25 0.70, NSE 5 0.66, KGE 5 0.67; Figure 6b), but
shows a bias in slope compared to the 1:1 line rather than a bias in the mean values, which is not directly
flagged in our metrics. Specifically, there was a tendency to underpredict SRT at sites with long SRT (such as
is common at interior west sites) and overpredict SRT in locations with short SRT (such as is commonly seen
in western Washington and Oregon).

3.2. Question 2: Transferability Versus Complexity
The question of how the level of complexity affects transferability has two components. We begin by exam-
ining which models are more transferable, complex versus parsimonious, in the sense of a model selection
exercise. We then ask if there is any difference in performance as we look at simpler models.
3.2.1. What Level of Model Complexity Is Most Transferable?
In all model calibrations, the most complex model formulation (nn 5 0.1) has the highest NSE and KGE values
(Tables 3 and 4). More parameters generally allow for a closer fit in calibration. In contrast, the best AICc values are
associated with moderate complexity models in calibration, ranging from nn 5 0.7 to 1.1 for A1SWE and nn 5 0.3
to 1.3 for SRT. The AICc includes a penalty for more parameters, supporting the selection of less complex models.

The nn values that would produce the optimal NSE in validation of A1SWE are 1) usually larger than 0.1, typ-
ically in the 0.7 to 0.9 range (low to moderate complexity), and 2) commonly comparable to that selected

Table 2
Summary Statistics for LOOCV and NRCV Tests of SRT Spatial Analog Models

Rep Bias (mm) RMSE (mm) Cor2 NSE KGE Calibration nnAIC

LOOCV All Data 0.2 9.4 0.83 0.83 0.87 0.3
Leave out one year 21.1 15.7 0.68 0.63 0.74 0.3
Leave out one site 0.2 10.0 0.81 0.81 0.87 0.3

Temporal Early-Early 0.2 9.7 0.84 0.84 0.88 0.3
Late-Early 21.6 10.7 0.82 0.81 0.79 0.5
Late-Late 0.0 10.2 0.80 0.80 0.84 0.5
Early-Late 1.8 10.8 0.79 0.77 0.88 0.3
Cold-Cold 0.1 9.3 0.79 0.79 0.84 0.6
Warm-Cold 6.1 12.3 0.73 0.64 0.74 0.4
Warm-Warm 0.1 12.0 0.77 0.77 0.82 0.4
Cold-Warm 27.4 15.2 0.73 0.64 0.72 0.6
Wet-Wet 0.3 11.7 0.83 0.83 0.87 0.6
Dry-Wet 4.1 15.6 0.72 0.70 0.78 0.5
Dry-Dry 0.0 10.9 0.76 0.76 0.80 0.5
Wet-Dry 24.0 13.4 0.68 0.64 0.81 0.6
El Ni~no-El Ni~no 0.1 10.3 0.80 0.80 0.83 0.5
La Ni~na-El Ni~no 23.1 11.4 0.78 0.76 0.79 0.5
La Ni~na-La Ni~na 0.2 9.8 0.84 0.84 0.87 0.5
El Ni~no-La Ni~na 3.2 11.0 0.82 0.80 0.86 0.5

Spatial West-West 0.2 10.1 0.84 0.84 0.88 0.8
East-West * 26.2 19.5 0.48 0.41 0.62 1.0
East-East 0.2 8.6 0.82 0.82 0.86 1.0
West-East 5.8 13.0 0.78 0.60 0.76 0.8
North-North 0.1 8.9 0.86 0.86 0.90 0.7
South-North * 20.3 13.4 0.69 0.68 0.80 0.9
South-South 0.1 9.1 0.81 0.81 0.85 0.9
North-South 0.4 13.3 0.77 0.60 0.69 0.7

Spatio-temporal Late West-Late West 0.2 11.2 0.79 0.79 0.84 0.8
Early East-Late West * 23.5 16.1 0.60 0.58 0.68 1.3
Early East-Early East 0.2 9.2 0.82 0.82 0.85 1.3
Late West-Early East 3.3 11.3 0.79 0.72 0.84 0.8
Early West-Early West 0.3 10.1 0.86 0.86 0.90 0.9
Late East-Early West * 210.0 24.6 0.36 0.18 0.54 1.0
Late East-Late East 0.0 8.6 0.82 0.82 0.87 1.0
Early West-Late East 8.6 16.0 0.72 0.38 0.68 0.9

Note: Same as Table 1, except for SRT instead of A1SWE.
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Figure 4. Summary of the temporal NRCV tests of SRT spatial analog models. See description of Figure 2 for explanation. Units of SRT are days.
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Figure 5. Summary of the spatial and spatiotemporal NRCV tests of SRT spatial analog models. See description of Figure 2 for explanation. Units of SRT are days.
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by AICc (Figure 7). Similar patterns are noted for KGE based model selection (Table 3). Deviations from these
generalizations have likely causes in two cases. First, these generalizations do not apply to the four valida-
tions where the calibration data did not represent the range of the validation data well. In general, the mod-
els with poor data representation fail to capture key aspects of the model structure and therefore the
complexity of the most transferable validation model is irrelevant. Second, the Early/Late and ENSO pairs
select higher complexity (low nn) models in validation compared to their AICc suggestions and to the nn
selections for other pairs.

The patterns for SRT were less consistent than for A1SWE, but the basic guidelines were similar (Table 4). nn
values for optimal NSE were generally greater than 0.1 but ranged from 0.3 to 1.2. AICc selected models in
the range of nn 5 0.3 to 0.6 for the temporal models and 0.7 to 0.9 for spatial and spatiotemporal models
with representative calibration data. Again, the Early/Late validations had the lowest NSE-selected nn value
(the Early-Late validation selected the most complex model).

The ability of the most complex model formulation to perform best for the Early/Late split-sample validations
implies that any idiosyncrasies present in the calibration data are also present in the validation data, so that the
validation data look very much like the calibration data. This is confirmed by the statistically significant correla-
tions between the residuals from the temporal split-sample calibrations with nn 5 0.1. The residuals from the
Early/Late calibrations are strongly correlated (A1SWE: R250.79, p< 1310215; SRT: R250.64, p< 1310215, Fig-
ure 8). Correlated calibration errors are also present for the El Ni~no/La Ni~na (R250.72), Dry/Wet (R250.58), and
Cold/Warm (R250.76) April 1 SWE split samples, but the strength of local idiosyncrasies is lower, presumably
because the contrast between the two data sets overrides the amount of variability accounted for in a more
complex model. The presence of correlated calibration errors means that these splits are not completely inde-
pendent samples but pseudoreplications (sensu Hurlbert, 1984), and if the idiosyncratic variations outweigh
the temporal contrasts, then validations will tend to favor complex models. A ratio of the difference in mean
SWE to the average RMSE of the calibrations is low (0.16) for the Early/Late pair and high (2.28) for the Dry/Wet
pair, reflecting the strong difference in selecting complex versus simpler models. The ratios are more intermedi-
ate for the El Ni~no/La Ni~na (0.98) and Cold/Warm (0.58) split samples, which is reflected in the El Ni~no/La Ni~na
selection of a somewhat higher complexity model than suggested by AICc, but is not as strongly reflected in
the Cold/Warm selection of a model of complexity comparable to the AICc selection.
3.2.2. How Much Better Do Less Complex Models Do in Validation?
Figure 9 shows NSE values for April 1 SWE and SRT validations. In general, models selected by AICc in cali-
bration (purple) are relatively strong models of April 1 SWE (NSE 5 0.7 to 0.9, Figure 9a), and these are gen-
erally comparable to (but slightly weaker than) the model associated with the best NSE found in validation
(orange). The contrast between the most complex model and the model with the best AICc is generally

Figure 6. Predicted versus observed winter 2015 a) A1SWE (mm) and b) SRT (days). Each point represents a SNOTEL site.
Black lines mark the 1:1 line or perfect correspondence between predictions and observations. Predictions are from spa-
tial analog models calibrated on the 1991–2011 period using the nn value of the best calibration AICc from the all data
model (nn 5 0.9 for A1SWE and nn 5 0.3 for SRT).
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greater for A1SWE models than for SRT models. None of these gener-
alizations apply where calibration data are not representative. The
AICc-selected models are generally stronger than the most complex
model, except in the case of the early versus late pair, where we sus-
pect pseudoreplication may influence the results. The improvement in
model selection using AICc or validation is most pronounced for the
spatial comparisons. General patterns are similar for KGE (Table 5).

For SRT models, validations are weaker but still acceptable (NSE 5 0.6
to 0.8, Figure 9b) in all but one case (ignoring the validations with
non-representative data). The Early West model dramatically under-
predicts the persistence of Late East snow (Figure 5, row 4, column 3)
leading to large squared errors. While the univariate representative-
ness of Early West data is similar to that of the Late West data (Figure
1), in a bivariate sense, all of the warm points in the Early West data
also have high precipitation (Figure 5, row 4, column 1), and there is a
lack of data for fitting warm and low precipitation conditions. This par-
ticular lack has greater consequences for the SRT model than the April
1 SWE model.

4. Discussion

Spatial analog models of April 1 SWE and Snow Residence Time trans-
ferred well across time and space, with a few considerations. In partic-
ular, the models transferred less successfully across conditions that
required substantial extrapolation. Less complex models transferred
better than the most complex models, in some cases with substantial
improvement in NSE.

4.1. How Well Did the Models Transfer?
Although the models generally transfer well to new conditions in
both space and time, the transferability assessment brought to light
three considerations that may be applicable to model validation more
generally: 1) extrapolation, 2) pseudoreplication, and 3) degree of
physical basis. We address each of them in turn.
4.1.1. Extrapolation
Validation performance varied with the degree of contrast between
calibration and validation climates (in terms of temperature and pre-
cipitation). This finding for snow models agrees with similar findings

for rainfall-runoff models. Seibert (2003) demonstrated the poor ability of a model calibrated on low flows
to predict high flows and noted that the decrease in performance between calibration and validation was
greater when the difference between the datasets was greater. Using three rainfall-runoff models, Coron
et al. (2012) also showed that validation error increased as the contrast in precipitation between calibration
and validation increased. These findings are important for any application of a hydrologic model to con-
trasting conditions, including forecasting, simulating extreme events, modeling ungauged basins, uncer-
tainty estimations, and of course, climate change impacts evaluations. Spatial analog models expand the
limits imposed by extrapolation by incorporating a greater diversity of climates in the calibration dataset,
which may improve the quality of hydrologic predictions under new conditions, including a changing cli-
mate (Singh et al., 2011). We particularly noted that strong temporal contrasts (Dry/Wet and Cold/Warm)
still transferred well despite large shifts in the central tendency because the large spatial sample enabled
some representation across much of the target data range within the outliers of each training set (Figure 2).

The use of a variety of NRCV tests as opposed to a single validation provides a more nuanced understanding of
the extrapolation capacity of the models. Understanding the ability of models to predict under conditions that
are significantly different than those they were calibrated on is of vital importance to the twin problems of Pre-
dictions in Ungauged Basins and Predictions in Ungauged Climates. Spatial and spatiotemporal NRCV tests can

Table 3
A1SWE Model Complexity Versus Transferability

Rep nnNSE nnKGE nnAIC

LOOCV All Data 0.1 0.1 0.9
Leave out one year 0.8 0.2
Leave out one site 0.9 0.3

Temporal Early-Early 0.1 0.1 0.9
Late-Early 0.1 0.1
Late-Late 0.1 0.1 0.9
Early-Late 0.1 0.1
Cold-Cold 0.1 0.1 0.9
Warm-Cold 0.7 1.1
Warm-Warm 0.1 0.1 0.9
Cold-Warm 0.9 0.6
Wet-Wet 0.1 0.1 0.9
Dry-Wet 1.3 1.2
Dry-Dry 0.1 0.1 0.7
Wet-Dry 0.8 0.2
El Ni~no-El Ni~no 0.1 0.1 0.9
La Ni~na-El Ni~no 0.3 0.1
La Ni~na-La Ni~na 0.1 0.1 0.9
El Ni~no-La Ni~na 0.4 0.4

Spatial West-West 0.1 0.1 1.1
East-West * 0.1 0.1
East-East 0.1 0.1 0.9
West-East 0.9 0.8
North-North 0.1 0.1 0.9
South-North * 0.1 1.0
South-South 0.1 0.1 0.8
North-South 1.1 1.2

Spatio-
temporal

Late West-Late West 0.1 0.1 1.1
Early East-Late West * 0.1 0.1
Early East-Early East 0.1 0.1 0.9
Late West-Early East 0.8 0.8
Early West-Early West 0.1 0.1 0.9
Late East-Early West * 0.1 0.1
Late East-Late East 0.1 0.1 0.9
Early West-Late East 0.9 0.8

Notes: For each A1SWE LOOCV and NRCV test, the nn values of the models
with the best NSE, KGE, and AICc, respectively are shown. * in the Rep. (data
representativeness) column indicate that the calibration data poorly repre-
sent the range of values in the validation data.
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provide some indication of how well the model will perform under new conditions (Kleme�s, 1986a, 1986b) and
the use of multiple validations adds nuance to his understanding (see e.g., Coron et al., 2012). Given the tre-
mendous uncertainties associated with hydrologic prediction in a changing climate, understanding the extrap-
olation capacity of the models used to make the predictions is essential.
4.1.2. Pseudoreplication
Our results showing that the validation of the spatial model between the Early and Late time periods
selected the most complex model may have important implications for more traditional hydrologic model
validation. The problem is termed pseudoreplication by Hurlbert (1984), although the consequences we
wish to discuss are different than the inference problems he considered. While our ‘‘experiment’’ has sub-
stantial spatial replication, there is no true replication of the experiment in time. Year after year, we use the
same ‘‘plots’’ with particular equipment, wind exposure, shading, and other local idiosyncrasies in a single
repeated measures experiment. Each site’s annual variability is small relative to the larger domain of tem-
perature and precipitation (Figure 10), and this is even truer when temporal averages are taken. Conse-
quently, each site affects the same small region of the paired models in a comparison unless temporal splits
have strong contrasts ensuring that a given station sits in a fairly different place in �T -�P space. Analysis meth-
ods exist for inference from repeated measures (e.g., correction of p-values), but there is less awareness of
the consequences of using repeated measures for model selection through model validation. In particular,
we note that validation using repeated measures sampling can lead to overfitting.

In the current case we have a model that generalizes across a large number of spatial samples, and we wish
to demonstrate that a calibration in one time period applies to (transfers to) a different time period. The
model that generalized best through time in the Early/Late experiment, using every station, was the most
complex spatial model. This model preserved unique behaviors caused by persistent local biases across time
(Figure 8). In contrast, any validation applied to stations other than those involved in the calibration (e.g.,
the spatial and spatiotemporal NRCV tests) and validations with strong temporal contrasts selected models
of low-intermediate complexity.

Flipping the problem on its side, consider an example where a model is built to generalize across time in
one place, a common sort of model in hydrology. While something can be learned of hydrology in general
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Figure 7. Comparison of nn selected by the best NSE value in validation (orange) and the nn selected during calibration
by AICc (purple) for the April 1 SWE models. Validation pairs with poor representation in the calibration data are
highlighted with cross-hatching.
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from building and testing a model in a single basin, it is already well
appreciated that the successful calibration and validation of a model
in a single basin does not vouch for its spatial generality nor inform us
of likely magnitudes of error (e.g., Bl€oschl et al., 2013; Sivapalan et al.,
2003a; Wagener et al., 2001). The community further appreciates that
repeating the single basin calibration and validation multiple times in
different basins does not demonstrate transferability across space
either. Rather, it shows that one can fit a model to each basin and that
fit is reliable across time.

Turning our attention to more accepted methods of testing hydrologic
model transferability across space, we encounter two remaining possibili-
ties within Kleme�s’s (1986b) hierarchy of tests: (1) the proxy-basin test (cali-
brate on basin A and validate on basin B, with A and B in the same region),
and (2) the proxy-basin differential split-sample test (records are segre-
gated into, for example, wet and dry periods and the wet period in one
basin is used for calibration and the dry period in the other is used for vali-
dation). While Kleme�s (1986b) suggests that the proxy-basin test is ade-
quate to demonstrate spatial transferability in the context of stable
(stationary) conditions, we argue that such a test could select for overly
complex models. Recognizing that an event (or year, or similar temporal
unit) in two nearby basins could be similarly structured (e.g., in terms of tim-
ing and magnitude), we suggest that each event’s model error could be
similar in the two basins, even if the basins are different (Betterle et al.,
2017). This parallels our situation where each site’s model error was similar
across two time blocks (Figure 8). Fortunately, as we have done here, a
hydrologic modeler can test for correlated errors across sampling units
(e.g., events or years) to decide whether their validation is potentially
biased toward more complex models. Given correlated errors, an alterna-
tive validation is the proxy-basin differential split-sample test (aka spatio-
temporal NRCV), which splits the sample in time so that one set of events
in a given basin is used for calibration and another set of events in a differ-
ent basin is used for validation. However, as seen in Seibert (2003) and this
work (section 4.1.1), validating a highly flexible model using a strong differ-
ential can cause the model to fail unless there is at least a little overlap
between calibration and validation data ranges.

4.1.3. Degree of Physical Basis
While we billed these models as ‘‘empirical’’, most hydrologic models are, so it is not an entirely useful label.
However, there is a contrast between the April 1 SWE model and the SRT model in terms of connection to
physical constraints. While the April 1 SWE model can be tied to a clear physical basis, starting with conser-
vation of mass, the SRT model’s connection to physical constraints is more tenuous. This difference may
contribute to the relative transferability of the two model sets (Table 5 and Figure 9).

April 1 SWE is the water equivalent remaining on the ground much of the way through the typical snow season. It
is the difference between the amount of precipitation that fell as snow and the amount that melted in the interim.

A1SWE 5 P –Prain– Melt (7)

Where Prain is the amount of precipitation that falls as rain (November–March), Melt is the amount of snow-
fall that melts prior to April 1, and other variables are as previously defined. Prain represents a fraction of the
total precipitation, call it frP, and Melt represents a fraction of the total snowfall, call it fm(P2Prain); so

A1SWE5P 2 fr P 2 fm P2fr Pð Þ

5P 12fr2fm1fr fmð Þ
(8)

Where fr and fm are constrained on the interval 0–1, and would be expected to be monotonic increasing
functions of �T . By conservation of mass, A1SWE is constrained to be non-negative but less than or equal to

Table 4
SRT Model Complexity Versus Transferability

Rep nnNSE nnKGE nnAIC

LOOCV All Data 0.1 0.1 0.3
Leave out one year 0.8 0.3
Leave out one site 0.3 0.3

Temporal Early-Early 0.1 0.1 0.3
Late-Early 0.3 0.1
Late-Late 0.1 0.1 0.5
Early-Late 0.1 0.1
Cold-Cold 0.1 0.1 0.6
Warm-Cold 0.5 1.5
Warm-Warm 0.1 0.1 0.4
Cold-Warm 1.0 0.1
Wet-Wet 0.1 0.1 0.6
Dry-Wet 1.2 1.4
Dry-Dry 0.1 0.1 0.5
Wet-Dry 1.1 0.3
El Ni~no-El Ni~no 0.1 0.1 0.5
La Ni~na-El Ni~no 0.2 0.1
La Ni~na-La Ni~na 0.1 0.1 0.5
El Ni~no-La Ni~na 0.6 1.2

Spatial West-West 0.1 0.1 0.8
East-West * 0.1 0.1
East-East 0.1 0.1 1.0
West-East 1.1 1.2
North-North 0.1 0.1 0.7
South-North * 1.0 0.7
South-South 0.1 0.1 0.9
North-South 0.3 0.3

Spatio-temporal Late West-Late West 0.1 0.1 0.8
Early East-Late West * 0.9 0.9
Early East-Early East 0.1 0.1 1.3
Late West-Early East 0.4 0.4
Early West-Early West 0.1 0.1 0.9
Late East-Early West * 0.1 0.1
Late East-Late East 0.1 0.1 1.0
Early West-Late East 0.4 1.0

Note: Same as Table 3, except for SRT instead of A1SWE.
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P (within consideration of limits caused by undercatch of snow in precipitation gauges). The term in paren-
theses on the right of the second equality represents precipitation sensitivity or the increase in SWE per
unit addition of precipitation (much like SWE/P, but in the margin):

@A1SWE
@P

51 2 fr 2 fm 1fr fm (9)

This term relates to energy balance components that affect whether precipitation is snow or rain and how
much melt occurs. With the previously stated constraints on fm and fr, the sensitivity should be on the inter-
val 0–1 and monotonically decrease with increasing temperature, which could be framed as a ‘‘statistical-
dynamic flux parameterization’’ (sensu Clark et al., 2017). While temperature can be a dubious substitute for
energy balance, we note that temperature tends to be a reasonable predictor of rain-snow partitioning at
event time scales (e.g., Dai, 2008), and one can build an argument that if the mean temperature of the win-
ter is colder, the probability distribution of temperatures for the winter, including those during precipitation
events is likely colder, and the probability of being below the freezing threshold during a given event is
greater. This is essentially the argument used by Woods (2009) to construct a relationship to estimate fr as a
function of mean temperature and precipitation timing, and although that calculation was for an annual
scale the same logic can be applied to a seasonal scale. Similarly, temperature is itself a function of energy
balance, and more melt tends to happen when temperatures are higher, which is a basis for temperature
index melt models. Again, an argument can be built using physical reasoning in a statistical-dynamic fram-
ing (rather than necessarily relying on just temperature index approaches) that a warmer mean temperature
will tend to have more opportunities and amounts of melt as reflected by an energy balance that keeps a
place warmer in winter. Although these arguments can be developed piece by piece to give a hypothetical
shape to these relationships (e.g., Woods, 2009), there exists a potential to over-constrain the relationship
with our a priori reasoning (sensu Mendoza et al., 2015). We can also be a bit more agnostic about the spe-
cifics of the model structure and even what the parameters are (much less their actual value) to explore
whether or not this conceptual representation (sensu Gupta & Nearing, 2014) – mass conservation (nomi-
nally) with the disposition of that mass a function of mean winter temperature – could be supported by the
data if we were to spend the time working out how it should look.

That is the essence of what we have done with the A1SWE models. The model surfaces in Figures 2 and 3
(column 1) can be analyzed for the precipitation sensitivity term on the left side of equation (9), with exam-
ples in Figure 11. In Figure 11, we see that while there are clear shapes to the temperature based disposition

Figure 8. (a) Residuals from the A1SWE spatial analog model calibrated on late years and predicting late-year A1SWE plot-
ted against residuals from the A1SWE model calibrated on early years and predicting early-year A1SWE. (b) Residuals from
the SRT spatial analog model calibrated on late years and predicting late-year SRT plotted against residuals from the SRT
model calibrated on early years and predicting early-year SRT. Models were calibrated using nn 5 0.1 (the most complex
formulation). Solid black lines mark the 1:1 line, indicating a perfect match between the residuals. Dashed black lines
mark the line of zero prediction error (residual equals zero).
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of precipitation, the curves are somewhat dependent on the calibration data set. These curves and those
generated from the NRCV samples are nonlinear, with a plateau of high sensitivity (not far from 1) for tem-
peratures colder than 228C and a strong decay in how much precipitation is retained as snow on April 1 up
to about 48C, after which little precipitation manifests as April 1 SWE. At the coldest temperatures there is a
bit more SWE in April than precipitation (November–March), because some snow may accumulate before
November in very cold locations and because of undercatch of snow by precipitation gauges, which limits
how strictly we can enforce mass conservation in any model formulation. As seen in Figure 11, there can be
differences, however, in the middle range of temperatures that indicate that April 1 SWE is more than a
function of �T and �P alone.
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Figure 9. Comparison of NSE values found in validation when using the most complex model (nn 5 0.1, in blue), the
model suggested by AICc during calibration (in purple), and the model with the best validation NSE (in orange) for (a)
April 1 SWE, and (b) SRT. Validation pairs with poor representation in the calibration data are highlighted with cross-
hatching.
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One possible reason for the difference in the ENSO comparison is the timing of precipitation over the course
of the season (Woods, 2009). Synchronization of cold temperatures with cold season precipitation, for exam-
ple, is affected by ENSO phase and region (e.g., McAfee & Wise, 2016), and if precipitation is more focused on
shoulder seasons versus mid-winter, the relationship between �T and precipitation sensitivity would likely
change. ENSO phase also affects the joint temperature-precipitation distribution (Lute & Abatzoglou, 2014)
and a tendency for wet days to be warmer in one phase than the other would also affect these curves.

Understanding the physical principles involved allows further examination of potential causality for errors
found in NRCV validations using plots like Figure 11. Such analyses go beyond the simple error statistics to
look at patterns that could elucidate the source of differences. The differences between these curves illus-
trates the capacity of NRCV tests to highlight model deficiencies that would not be brought to light by
LOOCV tests or simple random or sequential temporal split-sample tests. In this way, NRCV tests provide an
example of diagnostic model evaluation (de Vos et al., 2010) in which model deficiencies brought to light
by the tests are viewed as potential areas for model improvement.

In contrast to the strong physical basis of the A1SWE models, the conceptual basis for the SRT is more intui-
tive, and the SRT models may be better classified as ‘‘empirical’’ models than physically based. This may well

Table 5
Performance of Most Complex Models Compared to the AICc- and Validation-Selected Models

A1SWE

NSE0.1 NSEAIC NSEval KGE0.1 KGEAIC KGEval

Late-Early 0.85 0.84 0.85 0.90 0.88 0.90
Early-Late 0.85 0.84 0.85 0.88 0.86 0.88
Warm-Cold 0.77 0.80 0.80 0.84 0.85 0.84
Cold-Warm 0.68 0.71 0.71 0.74 0.74 0.74
Dry-Wet 0.74 0.80 0.84 0.86 0.83 0.89
Wet-Dry 0.79 0.81 0.81 0.82 0.77 0.77
La Ni~na-El Ni~no 0.79 0.79 0.80 0.81 0.77 0.79
El Ni~no-La Ni~na 0.85 0.86 0.87 0.92 0.93 0.93
East-West * 0.38 22.51 0.38 0.68 20.32 0.68
West-East 0.77 0.83 0.90 0.87 0.86 0.91
South-North * 0.08 20.41 0.08 0.30 0.17 0.30
North-South 0.68 0.71 0.73 0.72 0.73 0.76
Early East-Late West * 0.08 21.64 0.08 0.42 20.13 0.42
Late West-Early East 0.63 0.82 0.88 0.81 0.86 0.89
Late East-Early West * 0.06 23.40 0.06 0.50 20.48 0.50
Early West-Late East 0.79 0.89 0.89 0.89 0.91 0.91

SRT

NSE0.1 NSEAIC NSEval KGE0.1 KGEAIC KGEval

Late-Early 0.81 0.81 0.81 0.82 0.79 0.80
Early-Late 0.78 0.77 0.78 0.89 0.88 0.89
Warm-Cold 0.45 0.64 0.64 0.66 0.74 0.73
Cold-Warm 0.60 0.64 0.64 0.74 0.72 0.72
Dry-Wet 0.42 0.70 0.76 0.63 0.78 0.84
Wet-Dry 0.56 0.64 0.67 0.79 0.81 0.79
La Ni~na-El Ni~no 0.75 0.76 0.76 0.83 0.79 0.81
El Ni~no-La Ni~na 0.74 0.80 0.80 0.83 0.86 0.87
East-West * 0.59 0.41 0.59 0.77 0.62 0.77
West-East 0.56 0.60 0.67 0.72 0.76 0.83
South-North * 0.49 0.68 0.76 0.75 0.80 0.75
North-South 0.56 0.60 0.62 0.66 0.69 0.72
Early East-Late West * 0.09 0.58 0.64 0.60 0.68 0.69
Late West-Early East 0.66 0.72 0.77 0.83 0.84 0.88
Late East-Early West * 0.47 0.18 0.47 0.68 0.54 0.68
Early West-Late East 0.33 0.38 0.47 0.63 0.68 0.71

Note: The validation NSE and KGE for the most complex model calibration (subscript 0.1), for the model calibration
with the best AICc, and the best validation NSE and validation KGE are shown.
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be why the validations are poorer for this metric. As has been noted
before, the transferability of descriptive empirical models can be
poorer than those with a stronger physical basis (e.g., Peel & Bl€oschl,
2011).

SRT is fundamentally about the temporal juxtaposition of snowfall
and snowmelt (see definition sketches in Luce et al. (2014) for exam-
ple), which relates to temperature distributions. In warm climates, for
example, rapid fluctuations around the freezing point can lead to
accumulation one week and melt the next. On the other hand in cold
climates, where temperatures are persistently below freezing, snow-
melt events are rare, and total accumulation depends strongly on sea-
sonal precipitation. Some variability will be tied to this accumulation,
as deeper snowpacks take longer to melt, but temperature signifi-
cantly controls when the melt season begins.

While physical insight can tell us these two variables (�T and �P) are likely
important, and this bears out in validation, the heavier dependence on
�T as a controlling variable, which is usually a proxy for energy balance,
means that the physical basis is weaker, and these validations suggest
there is potential for improvement by considering other driving varia-
bles. SRT is a metric with only recent use, and it is likely that greater
insight will be gained as more attempts are made to model it by vari-
ous means.

4.2. What Level of Model Complexity Was Most Transferable?
Our analysis of optimal model complexity for transferability used a
multiple-hypothesis framework (Clark et al., 2011) by simultaneously
comparing a range of models of varying complexity. This is in contrast
to a common practice in hydrologic modeling of iteratively evaluating
model errors and modifying the model (perhaps by adding a new pro-
cess) to correct for those errors. This practice can be considered a sort
of fitting or calibration process and reusing the same dataset to test
the revised model would be expected to lead to overfitting to idiosyn-
crasies. A repetitive validation/diagnosis, fixing/fitting, validation/diag-
nosis cycle using independent data would also consume data at a
prodigious rate, which highlights a strength of multiple hypothesis
testing. Within this framework, transfer performance was assessed
based on the validation performance alone, rather than performance
degradation between calibration and validation as is sometimes done
(e.g., Perrin et al., 2001). This is an important distinction since the
model with the smallest degradation in performance may not neces-
sarily be the model with the strongest validation (Figure 12).

For the non-temporal tests, including the LOOCV and the spatial and
spatiotemporal NRCV tests that did not require significant extrapola-
tion, simpler models transferred best and typically transferred sub-
stantially better than the most complex model (Table 5 and Figure 9).
These findings add to the list of previous studies, primarily of rainfall-
runoff models, that have found that simpler models validate as well or
better than more complex models (Chien & Mackay, 2014; Jakeman &
Hornberger, 1993; Loague & Freeze, 1985; Perrin et al., 2001; Refsgaard
& Knudsen, 1996; Wenger & Olden, 2012). Useful model complexity
may be limited by the accuracy of model structures (Perrin et al.,
2001) or by data quality (Coxon et al., 2015; Schoups et al., 2008; West-
erberg & McMillan, 2015) or resolution (Jakeman & Hornberger, 1993).
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Figure 10. Interannual variability of �T (8C, x-axis) and �P (mm, y-axis) at SNOTEL
sites (polygons). Each polygon represents a SNOTEL site with the boundary of
the polygon encompassing the 21 annual values of �T and �P at that site, such
that larger polygons indicate greater interannual variability. Polygon colors
were randomly assigned. Contour lines behind the polygons are the spatial
analog model of April 1 SWE based on all data (1991–2011) and spaced in
increments of 200mm. The site with the greatest �P (red polygon with red lines)
is outlined to illustrate the large range of interannual variability at this site.

Figure 11. Precipitation sensitivity versus �T (8C) for spatial analog models built
using nn 5 0.9 (as selected by AICc in calibration of the El Ni~no and La Ni~na
models). The black line represents the best fit line for the model calibrated on
all years and all sites. The orange (purple) points are the �T values for El Ni~no (La
Ni~na) years plotted against the precipitation sensitivities from the model cali-
brated on El Ni~no (La Ni~na) years. The orange (purple) lines are the best fit
curves through the orange (purple) points.
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Perhaps greater complexity may be warranted in the future as both
models and data improve; however, more complex models are typi-
cally more difficult to validate due to problems of parameter interpret-
ability (Kirchner, 2006; Wagener et al., 2001) and equifinality (e.g.,
Beven, 2006). Several have argued, alternatively, that what is needed
is ‘‘an elegant theory rather than an elaborate, highly parameterized
megamodel’’ (Kirchner, 2006; see also Clark et al., 2016; McDonnell
et al., 2007). The models discussed in this paper are empirical and
descriptive in nature (sensu Breiman, 2001) but with some theoretical
basis in selecting covariates and nominal model structure. They retain
a modicum of parsimony, and perhaps elegance, in using only two rel-
atively easy to estimate variables to describe a substantial amount of
variability in snowpack and snow retention. Using these models, we
demonstrate that even with a large number of sites (n 5 497) and a
flexible model structure, simpler models perform better.

4.3. Applicability of Results Beyond These Models
Are the behaviors noted above unique to these models, or even this
type of algorithmic model? Information-theoretic principles suggest
not. Nevertheless it is a good question, and more importantly, it is a
testable question following some of the framework applied here. As
we note earlier, many hydrologic models are a hybrid of physical rea-
soning and empirical fitting of unobservable system attributes that
are most easily determined from input-output observations. For such
models, testing of transferability involves both a calibration and a vali-
dation step, and using split-sample and differential split-samples

drawn from large long-term data sets is a direct approach for assessment and diagnosis.

Physically based models are an existing standard for predicting snow accumulation and melt and are gener-
ally expected to be a useful tool for predicting climate change effects because of their physical basis (e.g.,
Marty et al., 2017; Musselman et al., 2017; Vionnet et al., 2012). Nevertheless, comparisons across these
models in the past using a limited number of sites with detailed weather data, suggest sometimes substan-
tial differences in daily scale predictions (e.g., Etchevers et al., 2004; Rutter et al., 2009). Since much of our
interest in climate change is at coarse time scales, there would be value in contrasting several such models
when they are applied to climatic averages, as was done in this study. Physically based snow models tend
to have a low number of adjustable parameters, even though some use many layers and sub-daily time
scales for calculation purposes, which makes the models complicated but not necessarily complex, and
likely to perform fairly well. Using a physically based model with fine time steps on a large long-term data
set, Parajka et al. (2010) illustrate the value of validation for model assessment and diagnosis. Such a study
could be extended to a model selection framework to contrast characteristics such as model complexity
across models, similar to the work presented here. Such a rigorous approach to validation would likely ben-
efit complicated models as well by more clearly identifying process representations that are not worth the
additional flexibility and overhead.

5. Conclusions

Using a multiple-hypothesis framework, we provide an empirical confirmation of the parsimony principle
behind the AICc parameter penalty, validating the information-theoretic approach (e.g., Burnham & Ander-
son, 2002). While the parsimony principle is well accepted in other modeling cultures (e.g., Burnham &
Anderson, 2002; Moreno-Amat et al., 2015), acknowledgement of the value of parsimony is rare in hydro-
logic modeling literature, where adding another process (and parameter set) is almost de rigueur for dem-
onstrating novelty and utility in a model application paper. Similarly, the finding that model transferability
can be hampered by model complexity is only rarely seen in hydrologic modeling literature (Jakeman &
Hornberger, 1993; Loague & Freeze, 1985; Perrin et al., 2001; Refsgaard & Knudsen, 1996), despite spirited
arguments for rigorous validation (Kirchner et al., 1996; Kleme�s, 1986b). A survey of the hydrologic literature,

Figure 12. The degrees of freedom (x-axis) associated with the twenty different
model complexities (nn 5 0.1 to 2.0) are plotted against the calibration (purple
line) and validation (red line) NSE values (y-axis) for the spatial analog model of
April 1 SWE. Validation used the leave-one-site-out cross-validation test (refer-
ence Table 1, line 3). The model with the highest validation NSE value had 9.3
degrees of freedom (nn 5 0.9), whereas the model with the least degradation
between calibration and validation had 6.0 degrees of freedom (nn 5 2.0). The
model with the best calibration NSE (nn 5 0.1) had the worst validation perfor-
mance (NSE 5 0.81).
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particularly commentaries, leaves an impression that parsimony is a virtue assisting parameter interpretabil-
ity and reducing the equifinality within a given model (e.g., Jakeman & Hornberger, 1993; Wagener et al.,
2001). But equifinality can be a problem even for a simple two parameter physically based infiltration model
(e.g., Luce & Cundy, 1994), so this could ultimately be an unsatisfying argument for the benefits of parsi-
mony. According to the information-theoretic approach, and as demonstrated here using empirical models,
the better performance of more parsimonious models is a mathematical consequence of the limits of a
model and the data with which it is calibrated and confronted.

The model complexities selected by direct validation generally followed those selected by AICc in calibra-
tion, implying that AICc is a good guide for model selection (see also Schoups et al., 2008). Differences
between direct validation and AICc model selection, however, emphasize the value of validation as a dis-
tinct, important diagnostic process. Notably, rigorous evaluation of validation residual patterns can high-
light model limitations (see e.g., Kirchner et al., 1996). We further add an example of how incautious
sampling (pseudoreplication), inherent in much of the way hydrologists work, can confound decisions
regarding optimal model complexity. A focus on process representation in models may yield an implicit
bias toward increasing model complexity, so awareness of how our sampling and validation processes work
together is important. By paying attention to sampling and thoughtfully applying validation tests in a model
selection context, we can objectively and efficiently pursue improvement in hydrologic science.
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