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A B S T R A C T

Catchment classification poses a significant challenge to hydrology and hydrologic modeling, restricting wide-
spread transfer of knowledge from well-studied sites. The identification of important physical, climatological, or
hydrologic attributes (to varying degrees depending on application/data availability) has traditionally been the
focus for catchment classification. Classification approaches are regularly assessed with regard to their ability to
provide suitable hydrologic predictions – commonly by transferring fitted hydrologic parameters at a data-rich
catchment to a data-poor catchment deemed similar by the classification. While such approaches to hydrology's
grand challenges are intuitive, they often ignore the most uncertain aspect of the process – the model itself. We
explore catchment classification and parameter transferability and the concept of universal donor/acceptor
catchments. We identify the implications of the assumption that the transfer of parameters between “similar”
catchments is reciprocal (i.e., non-directional). These concepts are considered through three case studies situated
across multiple gradients that include model complexity, process description, and site characteristics. Case study
results highlight that some catchments are more successfully used as donor catchments and others are better
suited as acceptor catchments. These results were observed for both black-box and process consistent hydrologic
models, as well as for differing levels of catchment similarity. Therefore, we suggest that similarity does not
adequately satisfy the underlying assumptions being made in parameter regionalization approaches regardless of
model appropriateness. Furthermore, we suggest that the directionality of parameter transfer is an important
factor in determining the success of parameter regionalization approaches.

1. Introduction

Catchment classification, the systematic arrangement of catchments
into similar groups based on form and/or function, has the potential to
be a powerful concept in our understanding and conceptualization of
hydrologic processes and fundamental catchment characteristics across
spatial and temporal scales (McDonnell and Woods, 2004; Wagener
et al., 2007). As a tool, classification enables an objective framework
within which hydrologic experiments, model conceptualization, and
model testing are conducted and/or reconciled. A key anticipated
outcome of such an approach is the ability to produce improved model
predictions. This is of particular importance in catchments with no or
limited data availability. In this case the information at a data-rich
catchment can be shared with a similarly classified data-poor catch-
ment to leverage available information.

The scope of the predictions in ungauged basins problem is vast and
concerns many aspects of hydrologic understanding and prediction

(Sivapalan et al., 2003). Here, we seek to focus on catchment classifi-
cation and its frequent application in the context of predictions in un-
gauged basins (Hrachowitz et al., 2013). Under such scenarios, it is
commonly assumed that the attribute similarity of catchments (phy-
sical, climatological, hydrological) leads to a parameter similarity
(Bárdossy, 2007). Classification information is typically exploited
through a regionalization approach to obtain knowledge about an un-
gauged location, such as hydrologic model parameters (e.g., Hundecha
et al., 2008; Oudin et al., 2008; Di Prinzio et al., 2011), hydrologic
function (e.g., Carrillo et al., 2011; Sawicz et al., 2011; Ye et al., 2012),
or catchment form (Winter, 2001; e.g., Leibowitz et al., 2016).

Implicit in catchment classification and the associated regionaliza-
tion studies is the concept of reciprocity – a mutual exchange of in-
formation, resources, services, etc. If the catchments are reciprocal, it
should not matter which is acting as the donor (supplying information)
and which is acting as the acceptor (receiving information) – reciprocal
catchments have a mutual, non-directional exchange of information.
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This means that information from one catchment may be successfully
transferred to any similarly classified catchment with minimized impact
to the resulting model application. Many regionalization approaches
are predicated on this assumption (e.g., McIntyre et al., 2005; Oudin
et al., 2008; Smith et al., 2014). However, it is probable that catchments
differ in their ability to donate or accept model parameters within a
classified group given the realities of model and observational errors as
models are reconciled with data. In this way, individual catchments
may be better considered as analogous to blood types (A, B, AB, O),
where the donor ‘type’ controls the directionality of the transfer.

The inherent uncertainty associated with the hydrologic model itself
(e.g., process representation, complexity, etc.) will impact assumptions
made in developing robust regionalization approaches using catchment
classification tools. Indeed, it is this disconnect between the mathe-
matical model and catchment structure that has contributed to the lack
of a reliable, universal classification framework in modeling applica-
tions. Addressing such issues requires developing a better under-
standing of assumptions, where they hold, where they fail, and how
they propagate through the modeling process.

We sought to examine the underlying assumptions of catchment
classification (i.e., reciprocity) through the lens of hydrologic model
regionalization (using direct parameter transfer). We apply a cross va-
lidation approach, considering gradients across model structures (in
terms of complexity, process fidelity) and diverse catchment settings. In
particular, we were interested in addressing the questions:

• Does physical similarity, in a broad sense, guarantee parameter
transfer reciprocity?

• Is there a relationship between physical and functional (parameter)
similarity?

• How do model complexity and realism affect the transferability of
model parameter sets?

• Are any relationships identified consistent across diverse sets of
catchments?

2. Analysis scenarios

Three scenarios were investigated to explore cases across gradients
of catchment attributes and model realism. Scenarios 1 and 2 feature
several well-studied and highly monitored catchments located within
the Tenderfoot Creek Experimental Forest in Montana. Combined, these
scenarios explore the importance of model realism on the directionality
of model parameter transferability. Scenario 3 features a widely-used
collection of catchments with basic hydrometric and catchment attri-
bute data located in southeastern Australia. In conjunction with
Scenario 2, the importance of catchment attribute similarity on the
direction of model parameter transferability is explored. The direc-
tionality of model parameter transferability was considered within each
scenario and across scenarios to leverage the combined results. In each
of the subsequent scenarios, a group of catchments was identified that
could be classified as being similar based on climate, topography,
proximity, vegetation, or the parametric similarity of an optimized
hydrologic model. Then, a hydrologic model was selected to represent
the perceived dominant hydrologic processes (with different levels of
realism based on our a priori knowledge). The hydrologic model para-
meters were calibrated to observed streamflow at each individual
catchment to be considered. Following this, a leave-one-out transfer-
ability analysis was performed, where each catchment was used in-turn
as a donor to the other catchments. Changes in model performance
were tracked not only for the ability of a catchment to serve as a donor
to other catchments, but also for its ability to serve as a recipient from
other catchments. Donor suitability was assessed based on an average
reduction in NSE (where each catchment was benchmarked to its own
site-specific calibration). Such an approach allows for the validity of the
assumption that catchment similarity is an effective surrogate for model
parameter similarity to be considered. If this assumption is valid, it is

expected that catchment performance should be similar when trans-
ferring model parameters to another, “similar” catchment in both di-
rections (i.e., as donor and as recipient).

2.1. Scenario 1: process-consistent model applied to tenderfoot creek
experimental forest

The Tenderfoot Creek Experimental Forest (TCEF), located in
Montana, USA, encompasses an area of 22.8 km2 and is drained by
Tenderfoot Creek, a tributary to the Smith River. TCEF (lat. 46°55’N,
long. 1110°52’W; Fig. 1) is a highly-monitored research site, where
many previous scientific investigations have been conducted (e.g.,
Jencso et al., 2009; Jencso et al., 2010; Jencso and McGlynn, 2011;
Nippgen et al., 2011; Payn et al., 2009, 2012; Smith et al., 2014; Smith
and Marshall, 2008, 2010). TCEF is a well-suited research site to con-
sider catchment classification due to the expansive, detailed knowledge
gained through collocated field- and model-based investigations. In this
scenario, six sub-catchments nested within the Lower Tenderfoot Creek
(LTC) catchment are considered – Bubbling Creek (BUB), Lower
Stringer Creek (LSC), Middle Stringer Creek (MSC), Spring Park Creek
(SPC), Sun Creek (SUN), and Upper Tenderfoot Creek (UTC). TCEF has
a historical mean annual temperature of 0 °C and an average annual
precipitation of 880mm (approximately 75% as snow). For additional
descriptions of the study area, refer to Jencso et al. (2009, 2010),
Jencso and McGlynn (2011), and Nippgen et al. (2011).

The Catchment Connectivity Model (CCM) (Smith et al., 2013,
2016), which was developed for use at TCEF, was applied to each of the
seven TCEF catchments. The CCM simulates shallow groundwater
connectivity by exploiting the empirical relationship between con-
nectivity and hillslope size (as upslope accumulated area) observed at
TCEF (Jencso et al., 2009). The storage within each hillslope is com-
puted by mass balance and its connectivity to the stream is achieved
when the storage exceeds a threshold value based on hillslope size (as
upslope accumulated area). Water is released from connected hillslopes

Fig. 1. The Tenderfoot Creek Experimental Forest, with each of the seven catchments
analyzed in this study, following Smith et al. (2016).
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as shallow groundwater at a rate equal to q* (a calibrated parameter).
Only connected hillslopes contribute water to total discharge at the
catchment outlet. The CCM structure is a spatially explicit, process
verifiable, three-parameter hydrologic model (Table 1), is underpinned
by the concept that the frequency of hydrologic connections of the
hillslopes to the stream drives streamflow rather than the magnitude of
any single hydrologic connection (Jencso et al., 2009).

The CCM model was implemented on a 6-hourly time step with
model forcing data, including SNOTEL precipitation (cf. Nippgen et al.,
2011) and eddy-covariance derived evapotranspiration (Emanuel et al.,
2010). Model calibration to streamflow data (Nippgen et al., 2011) for
the period of October 2005 through September 2009 at each catchment.
Topographic data (10m DEMs derived from 1m LiDAR) were used to
determine catchment upslope accumulated areas (UAA) – a model
input. Shallow groundwater connectivity data (Jencso et al., 2009) was
utilized for independent model process verification.

CCM parameters were estimated using a Monte Carlo sampling
approach (e.g., Kuczera and Parent, 1998), where 100,000 parameter
sets were randomly sampled and the top 20% (based on Nash-Sutcliffe
efficiency) retained for additional model analysis. Initial parameter
ranges were selected considering field-based observations of parameter
constraints following the findings presented in Smith et al. (2016),
where such an approach was found to yield more physically consistent
model simulations. The average Nash-Sutcliffe Efficiency for the best
performing CCM parameter set at each of the seven TCEF catchments
was 0.82 (max.= 0.88 at LTC; min.= 0.69 at UTC).

Using the site-specific calibration performance as a benchmark for
parameter transferability, the average reduction in model performance
was computed (as a percent change: ⊗NSE=1 – [Regional NSE / Site
NSE]). This metric was produced for each catchment as both a para-
meter donor and a parameter acceptor (Fig. 2). When the catchment is
used as a donor, this metric is calculated as the average change in fit

across the other six TCEF catchments (each benchmarked to their own
site-specific NSE). When the catchment is used as an acceptor, this
metric is calculated as the average change in fit when utilizing the
optimum parameter set from each of the other six TCEF catchments
(again, benchmarked to site-specific NSE). To facilitate comparison, an
average reduction in model performance threshold of 10% was in-
cluded to represent “acceptable” model performance degradation due
to model transfer.

The CCM parameter transferability results (Fig. 2) clearly refute the
implicit assumption that model transferability is reciprocal (i.e., if
Catchment A is a good donor for Catchment B, then Catchment B will be
a good donor for Catchment A). Although variation is to be expected,
some catchments (e.g., MSC and LSC) show a propensity for being ac-
ceptors and not donors, while other catchments (e.g., SUN and UTC)
show a propensity for being donors and not acceptors. The remaining
catchments (e.g., LTC, BUB, and SPC) exhibit a more equitable corre-
spondence between donor and acceptor performance.

To understand the causes of these relationships, we explored the
parameter space for each of the site-specific calibrations (Fig. 3). The
regions of high model performance (hot colors) are clearly variable
from catchment to catchment, both in terms of the location within the
parameter space and the spread across the parameter space. Strong
variabilities in terms of the range and location of suitable values are
particularly noticeable across the catchments in terms of the parameter
controlling the discharge of stored water from hydrologically connected
hillslopes (q*). Catchments where model performance (as NSE) was less
sensitive to q* (e.g., LSC and MSC) were found to be well suited as
parameter acceptors but poorly suited as parameter donors (Fig. 2).
This is a result of such catchments having a large range of q* values
resulting in “good” NSE values, but having optimal q* values at non-
coincident locations in the parameter space, relative to the other
catchments. The opposite was true for catchments where model per-
formance was more sensitive to q* (e.g., SUN and UTC). In these
catchments, the optimal parameter set to be donated to the other
catchments correspond to areas of high model performance in the ac-
cepting catchments. Variability in the sensitivity of model performance
to the stored water release parameter (q*) has been linked to catchment
structure, specifically the distribution of catchment upslope accumu-
lated area (Smith et al., 2016).

2.2. Scenario 2: conceptual model applied to tenderfoot creek experimental
forest

The analysis presented in Scenario 1 was repeated using the GR4J
model (Perrin et al., 2003) to understand the degree to which the model
structure itself controls the transferability between catchments. The
GR4J model is a simple conceptual model (4 calibrated parameters;
Table 2) based on soil moisture accounting and unit hydrograph theory

Table 1
Names and description of CCM parametersa.

aEach vertical line under "Limits" represent the optimal value from a Scenario 1 catchment.
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Fig. 2. Average reduction in model performance (as percentage of site-specific NSE) at
each TCEF catchment when used as a donor or an acceptor with the Catchment
Connectivity Model. The dashed line represents a threshold reduction value of 10%.
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that has been applied extensively and shown to perform well across a
range of catchment conditions. The GR4J model structure was selected
to provide a distinct alternative to the CCM structure used in Scenario
1, where CCM represents a specific runoff generating mechanism that is
intrinsically linked to catchment form and condition and GR4J re-
presents a structure aimed at flexibly representing a range of catchment
conditions and hydrologic processes (Perrin et al., 2003). The same
catchments (Fig. 1), input data, and temporal resolution were main-
tained in this scenario.

GR4J parameters were estimated using a Monte Carlo sampling
approach (e.g. Kuczera and Parent, 1998), where 100,000 parameter
sets were randomly sampled and the top 20% (based on Nash-Sutcliffe
efficiency) retained for additional model analysis. Initial parameter
ranges (Table 2) were selected based on the values suggested by
Perrin et al. (2003). The average Nash-Sutcliffe Efficiency for the best
performing GR4J parameter set at each of the seven TCEF catchments
was 0.83 (max.= 0.87 at BUB; min.= 0.78 at SUN). Although average
GR4J model performance was comparable to CCM performance
(average NSE=0.82; see Scenario 1), it should be noted that the de-
gree to which the GR4J reproduces the actual hydrological processes is

unknown due to a lack of corroboration to other hydrologic variables.
Conversely, the fidelity of simulated hydrological processes at these
catchments has been previously verified using auxiliary groundwater
data utilizing the CCM applied in Scenario 1 (Smith et al., 2016).

Again, the site-specific calibration performance is utilized as a
benchmark for GR4J parameter transferability, and the average re-
duction in model performance (as a percent change: ΔNSE=1 –
[Regional NSE / Site NSE]) was computed for each catchment as both a
parameter donor and a parameter acceptor (Fig. 4). The average re-
duction threshold of 10% was maintained to allow for direct compar-
ison across the scenarios. The GR4J parameter transferability results
(Fig. 4) demonstrate the same patterns as were observed in Scenario 1,
with some catchments (e.g., MSC and LSC) acting as suitable acceptors
and not donors, other catchments (e.g., SUN and UTC) acting as suitable
donors and not acceptors, and the remaining catchments (e.g., LTC,
BUB, and SPC) acting as (mostly) equitable donors and acceptors.

The parameter space (dotty plots) for each of the site-specific cali-
brations (Fig. 5) again highlighted a consistent variability in regions of
high model performance from catchment to catchment. In Scenario 1
this variability was linked to the parameter controlling the discharge of

Fig. 3. Four-dimensional surface plots of the CCM parameter space and model performance (as NSE) for each TCEF catchment. Note that all subplots utilize common axes and color scale.
(For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Table 2
Names and description of GR4J parametersa.
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stored water from hydrologically connected hillslopes (q*; Table 1). In
this scenario, the variability can be linked to the parameter controlling
the maximum capacity of the soil moisture storage (x1; Table 2).
Catchments where model performance (as NSE) was less sensitive to x1
(e.g., LSC and MSC) were found to be well suited as parameter accep-
tors but poorly suited as parameter donors (Fig. 4). The opposite was
true for catchments where model performance was more sensitive to x1
(e.g., SUN and UTC). In these catchments, the optimal parameter set to
be donated to the other catchments correspond to areas of high model
performance in the accepting catchments. Variability in the sensitivity
of model performance to the soil moisture storage capacity (x1) and
subsequent release (as percolation in the model structure, a function of
x1) suggests catchment structure plays an important role in model
parameterization, even for models that lack an explicit connection to
such information.

2.3. Scenario 3: conceptual model applied to collection of australian
catchments

In order to place the analysis from Scenarios 1 and 2 into a broader
context, previous work by Smith et al. (2014) that explored the role of
model parameter similarity on model transferability and uncertainty,
was extended to analyze transferability across a vastly different col-
lection of catchments than was considered in Scenarios 1 and 2. In their
study, Smith et al. (2014) applied the Probability Distributed Model

(PDM; (Moore, 1985) to 118 catchments located across southeastern
Australia. The PDM is a six-parameter soil moisture accounting model
(Table 3) capable of representing a wide range hydrologic conditions.
Runoff production is controlled by the spatial variability of soil capa-
cities across the catchment via a flexible probability distributed soil
storage capacity, and water is routed through two storages representing
surface (quick) and subsurface (slow) response mechanisms to produce
total streamflow.

Smith et al. (2014) sought to understand the value of donor catch-
ments as a function of their similarity to the catchment of interest. As a
result, they considered three donor catchment classifications – random,
proximity, and cluster – that represented varying levels of classification
information (Fig. 6). Random donors were simply selected at random
from the collection of catchments, proximity donors were selected
based on distance from the target catchment, and cluster donors were
selected based on similarity of calibrated, optimal PDM parameters
(where each parameter was given equal weight in the clustering). In
this scenario, we repeated the transferability analysis utilized in the
previous two scenarios across each of the three donor classifications
from the study of Smith et al. to assess the degree to which parameter
similarity influences reciprocal transferability between catchments and
provide comparison points to the catchments studied in Scenarios 1 and
2.

The optimal PDM parameters were estimated using the Dynamically
Dimensioned Search (DDS) algorithm (Tolson and Shoemaker, 2007).
The average Nash-Sutcliffe Efficiency for each of the classification le-
vels were: 0.73 for cluster donors (max.= 0.88; min.= 0.59), 0.76 for
proximity donors (max.= 0.86; min.= 0.60), and 0.71 for random
donors (max.= 0.86; min.= 0.54). Note that each group consists of 10
unique member catchments and 1 common catchment, based on the
conditions of Smith et al. (2014). As with the GR4J model performance
from Scenario 2, the degree to which hydrological processes were ac-
curately simulated with the PDM at these catchments is uncertain de-
spite reasonable performance across classification groups.

The average reduction in model performance (as percent change in
NSE) was computed for each classification group and each catchment as
both a parameter donor and a parameter acceptor (Fig. 7). Catchment
similarity (from the random to proximity class) directly impacts the
magnitude of performance reduction (Fig. 7a and b; note individual
subplot axes), a reflection of the role that catchment similarity plays in
parameter transferability (in general) and reciprocal transferability (in
particular). An additional improvement in transferability is observed
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Fig. 4. Average reduction in model performance (as percentage of site-specific NSE) at
each TCEF catchment when used as a donor or an acceptor with the GR4J model. The
dashed line represents a threshold reduction value of 10%.

Fig. 5. Four-dimensional surface plots of the GR4J parameter space and model performance (as NSE) for each TCEF catchment. Note that all subplots utilize common axes and color scale.
(For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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between the proximity and cluster based catchments (Fig. 7b and c).
However, improvements due to catchment similarity (physical / cli-
matological characteristics; Fig. 7a and b) or model parameter simi-
larity (Fig. 7b and c) do not provide a strict control on the reciprocity of
such transfers. In each grouping, some catchments were more suitable
as donors, while others were more suitable as acceptors. The degree to
which that is true is a function of the sensitivity of the model perfor-
mance to model parameter variability.

3. Discussion

Catchment classification provides a means within which the com-
plexity of hydrologic systems can be organized to facilitate more fruitful
applications and discovery. For this ideal to be met, however, the as-
sumptions of the classification must be satisfied; i.e., the group mem-
bers within the classification are functionally similar. Donor reciprocity
is a simple concept inherent to most catchment classification ap-
proaches in the context of regionalization. It simply represents the idea
that once classified as similar, the transfer of information between the
catchments can occur in either direction with equivalent value. In this

Table 3
Names and description of PDM parametersa,b.

aEach vertical line under "Limits" represent the optimal value from a Scenario 3 catchment.
bGreen lines (top) represent randomly selected catchment, red lines (middle) represent proximity selected catchment, and blue lines (bottom) represent cluster selected catchment.

Fig. 6. Location of the catchments used in Smith et al. (2014). (left) Each of the 240 catchments in the data set is shown. (right) The reduced set of 118 catchments are shown (non-
ephemeral with at least 10 years of continuous data), along with the sites used as donors for one of the ungauged target catchments based on random, spatial proximity, and hierarchical
cluster analysis selection.
Reprinted from Smith et al. (2014).
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study, we have demonstrated through three scenarios, across gradients
of model realism and catchment attributes, that parameters are not
transferred bi-directionally with equivalent results, and that the direc-
tionality can be attributed to model sensitivities and uncertainties. If
the model and the classification were perfect, the transferability of
model parameters should be bi-directional, however, model uncertainty
(as defined by parameter response surfaces) has a confounding effect on
the results. What do these results suggest for the usefulness of the
catchment classification from a modeling perspective?

3.1. Do similar catchments act as universal donors / acceptors?

The catchments of the Tenderfoot Creek Experimental Forest re-
ceive the same climatological inputs and are similar in terms of most
typical similarity metrics – each has similar soils, parent geology, and
vegetation, as well as other physical characteristics (e.g., relief, eleva-
tion, average slope, area, distance from creek, gradient to creek, etc.).
Given the apparent similarity of these catchments, we sought to illus-
trate the directionality of information transfer from a model para-
meterization perspective. Extending the study of Smith et al. (2016) on
parameter transferability of the process-verifiable Catchment Con-
nectivity Model applied to the Tenderfoot Creek Experimental Forest,
we plotted 4D response surfaces (Fig. 3) that clearly demonstrate the
variability in the optimal parameter space across the “similar”, neigh-
boring catchments. This analysis was repeated for the conceptual GR4J
model (Fig. 5) to better understand the results with respect to differ-
ences in model structures. Similar results were observed for both
models tested, strengthening the universality of the results. From a
classification/regionalization perspective (using a simple direct transfer
of the “optimal” hydrologic model parameter set), this parameter sen-
sitivity/variability will play a determining role in model performance at
the target (accepting) catchment. At Tenderfoot Creek Experimental
Forest, a transfer of the optimal parameter set from SUN to LSC will
result in marginal performance degradation, while a transfer from LSC
to SUN will result in significant performance degradation (Figs. 2 and
5). This directionality occurs due to the “optimal” parameter spaces not
being coincident.

3.2. Is there a relationship between physical and functional (parameter)
similarity?

The sensitivity of model parameters is directly linked to model
structure (and its errors and uncertainties). Unquestionably, the use of
conceptual rainfall-runoff models presents a challenge with regard to
regionalization approaches (via catchment classification based on
physical characteristics) due to a lack of (verifiable) process con-
sistency, though this issue may persist despite model fidelity (see
Scenario 1). The PUB decadal initiative bore this out, with no classifi-
cation approach consistently outperforming another (across diverse
catchment datasets) for regionalization (Hrachowitz et al., 2013). This
should necessarily reflect both the model structure and the assumptions

of the regionalization approach as sources of great uncertainty.
Smith et al. (2014) present an alternative approach to classification,

where the typical regionalization problem was inverted – rather than
classifying catchments by physical characteristics they were instead
classified by optimal parameter values. Such an approach, where the
analysis begins with the desired answer (i.e., catchments with similar
hydrologic performance/fit) and works backwards to the question (i.e.,
does catchment classification by physical, climatological, or hydro-
logical attributes work), can be particularly instructive in better un-
derstanding the assumptions and limitations of the underlying metho-
dology (i.e., model regionalization). The results suggest that catchment
similarity can be predicted from a modeling perspective, but that sig-
nificant model error can result in sub-optimal performance.

Exploring this concept further, we performed an additional analysis
on the model simulations performed by Smith et al. (2014), who uti-
lized a catchment classification approach that compared classes con-
sisting of random members, spatially proximal members, and func-
tionally proximal members (using cluster analysis to group catchments
with similar optimal parameterizations). Contrasting the conditions
examined in Scenarios 1 and 2, the catchments utilized here spanned a
wide range of physical and climatological conditions (particularly in
the random and cluster selected catchments). The lack of spatial
proximity of the cluster selected catchments (Fig. 6), in and of itself,
suggests that the link between model parameterization and catchment
similarity is weak. Results from this analysis again demonstrated the
directionality inherent to hydrologic model transferability (Fig. 7), re-
gardless of the similarity of the catchments (or their optimal para-
meterization). This indicates the weakness of single parameter set
transfers in a regionalization context, and suggests that including
parameter variability / uncertainty is a necessary component to achieve
successful, reliable transfer.

3.3. How do model complexity and realism affect the transferability of
model parameter sets?

Three conceptual hydrologic models (CCM, GR4J, and PDM) were
considered in this study. Although each had similar numbers of model
parameters (3, 4, and 6, respectively), the models make unique as-
sumptions that impact their complexity and realism. Holding the
catchments constant, Scenarios 1 and 2 explored the impact of changing
the model structure from the process verifiable CCM (e.g., Smith et al.,
2013, 2016) to the black box implementation of the unit hydrograph-
based GR4J. Despite the differences in verifiable process fidelity, both
models resulted in sensitivities to parameters controlling the soil
moisture accounting of the watersheds. For the CCM, the affected
parameter (q*) can be tied directly to the catchment structure; the
distribution of hillslope sizes (i.e., the elements of the watershed upon
which the model carries out computations). In effect, this allows for a
priori identification of parameter sensitivity and, therefore, parameter
transferability, and this is the primary advantage process consistent
models hold over more black box approaches, where this information
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Fig. 7. Average reduction in model performance (as percentage of site-specific NSE) for each catchment within a classification group (a–c) when used as a donor or an acceptor with the
probability distributed model. The dashed line represents a threshold reduction value of 10%.
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can only be obtained a posteriori based on the model parameterization
(as was found with Scenario 2).

3.4. Are any relationships identified consistent across diverse sets of
catchments?

When classifying catchments as similar using physical (area, topo-
graphy, shape, etc.), climatological, or hydrological (signatures) me-
trics, there is an implicit assumption made. Namely, that the relation-
ship is reciprocal; i.e., if Catchment A and Catchment B share the
determining metric(s), Catchment A can be used as a donor to
Catchment B and Catchment B can be used as a donor to Catchment A.
Our findings indicate that this assumption is largely inappropriate. We
found that across multiple gradients (hydrologic model complexity/fi-
delity, dominant runoff processes, climate, size, degree of physical si-
milarity, degree of optimal parameter similarity; Figs. 2, 4, and 7) most
catchments were ill-suited as both donor and acceptor. Rather, a subset
of catchments was suitable only as donors, while another subset was
suitable only as acceptors. Ultimately, parameter sensitivity controls
the success and directionality of direct parameter transferability. Un-
derstanding the link between physical / climatological characteristics
and optimal hydrologic parameters remains a challenge. This study
better defines the domain of the problem, and how such characteristics
propagate into parameter sensitivity.

4. Conclusion

Catchment classification has long been viewed as a Rosetta stone for
hydrologic modeling, representing the promise of unlocking the ability
to transfer model information across space and time. A key component
in this thinking is the assumption that classification based on catchment
properties yields similar model properties (e.g., parameter values). And
while this is perhaps logical on the surface, it necessarily ignores the
uncertainties of the model (and data), as well as the potential for non-
reciprocal relationships to exist. The results of this study highlight the
potential pitfalls of classifying physical characteristics to inform the
regionalization/transfer of hydrologic model information. The three
test cases, utilizing diverse data sets and hydrologic model selection
approaches (catchment-specific v. flexible), provided examples across
hydrologic conditions, scale, and detail. We found that (1) belonging to
a group of physically similar (classified) catchments is not sufficient to
ensure the transfer of model information (e.g., parameterization) is
reciprocal (i.e., non-directional); (2) there is not a clear relationship
between physical and functional (i.e., parameter) similarity due to
model/data uncertainty; (3) the fidelity of the model structure to ob-
served hydrologic functioning does little to affect the ability of catch-
ments to serve as donors/acceptors; and (4) the (lack of) relationship
between catchment similarity and model similarity is not data- or site-
specific. Given these observations, it is clear that while catchment
classification has the potential to improve water resources manage-
ment, significant work remains in understanding the relationships be-
tween catchment form and hydrologic model functioning.
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