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ABSTRACT

Tracer-aided hydrological models (TAHMs) are one of the most powerful tools to identify new (event) and old
(pre-event) water fractions contributing to stormflow because they account both for streamflow and tracer
mixing dynamics in model calibration. Nevertheless, their representativeness of hydrograph dynamics is often
limited due to the unavailability of high-resolution conservative tracer data (e.g., water stable isotopes or
chloride). Hence, there is a need to identify alternative tracers yielding similar flow partitioning results than
“ideal” ones while requiring fewer financial resources for high-frequency monitoring (e.g., sub-hourly). Here, we
compare flow partitioning results of a TAHM calibrated using high-frequency electrical conductivity (EC) and
water stable isotope (1%0) data collected during 37 rainfall-runoff events monitored during variable hydrome-
teorological conditions in the Zhurucay Ecohydrological Observatory, a tropical alpine catchment located in
southern Ecuador. When the model was calibrated using the sampling resolution of stables isotopes (6-hours to 1-
hour), no statistically significant differences of pre-event water fractions (PEWFs) using both tracers for model
calibration were found. PEWF differences between both tracers for 89% of the events were < 20% regardless of
the events’ antecedent moisture and rainfall conditions. Model transfer functions were also similar suggesting
that catchment internal processes inferred using both tracers are comparable. Events presenting larger differ-
ences (n = 4; up to 27% PEWF difference) had no samples collected during peak flow. Calibration of the model
using EC data collected at sub-hourly intervals (every 5-minutes) showed a significant increase in model per-
formance as compared to the frequency of collection of isotopic data. Similarity in flow partitioning results can
be attributed to a quasi-conservative nature of EC due to the presence of organic-rich riparian soils (peat-type)
overlying compact bedrock across the catchment. Findings also highlight the importance of capturing rapidly
occurring catchment mixing processes though high-temporal frequency monitoring of tracer data. Our study
encourages the value of assessing the use of alternative tracers, such as EC, to identify fast occurring rainfall-
runoff processes, while lowering the costs needed to implement and sustain tracer data collection for long
time periods.

1. Introduction

event (precipitation) and pre-event water—stored in the system before
the beginning of an event (soil or groundwater) (Buttle, 1994; Klaus and

Hydrological flow partitioning can be defined as the separation of
precipitation into different water storage components and resulting
fluxes in a catchment (Shope, 2016). Event hydrograph separation is one
of the most common flow partitioning approaches. Such separations
assume that stormflow can be divided in two (or more) flow compo-
nents, event water—entering a hydrological system during a rainstorm
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McDonnell, 2013; Pearce et al., 1986; Sklash and Farvolden, 1979).
Determining these temporal flow components has proven useful across
catchments to conceptualize rainfall-runoff processes (e.g., Goller et al.,
2005; Hrachowitz et al., 2011; St Amour et al., 2005), identify surface
and subsurface flow paths of water (e.g., Camacho Suarez et al., 2015;
Laudon et al., 2004; Pearce et al.,, 1986), and determine runoff

E-mail addresses: patricio.lazoj@ucuenca.edu.ec (P.X. Lazo), segurac@oregonstate.edu (C. Segura).

https://doi.org/10.1016/j.jhydrol.2022.128898

Received 31 March 2022; Received in revised form 18 November 2022; Accepted 27 November 2022

Available online 13 December 2022
0022-1694/© 2022 Elsevier B.V. All rights reserved.


mailto:patricio.lazoj@ucuenca.edu.ec
mailto:segurac@oregonstate.edu
www.sciencedirect.com/science/journal/00221694
https://www.elsevier.com/locate/jhydrol
https://doi.org/10.1016/j.jhydrol.2022.128898
https://doi.org/10.1016/j.jhydrol.2022.128898
https://doi.org/10.1016/j.jhydrol.2022.128898
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jhydrol.2022.128898&domain=pdf

P.X. Lazo et al.

generation thresholds (McGlynn and McDonnell, 2003; McGuire and
McDonnell, 2010; Tweed et al., 2016).

Hydrograph separation approaches can be divided into three cate-
gories (Gonzales et al., 2009): i) empirical and numerical methods based
on graphical analysis of hydrographs (e.g., Linsley et al., 1982) and low-
pass numerical filtering (e.g., Chapman, 1999; Romanowicz, 2010; Su
et al., 2016), ii) conceptual methods based on the idea that the catch-
ment can be represented as conceptual reservoirs interconnected (e.g.,
Michel et al., 2003; Wittenberg, 1999; Wittenberg and Sivapalan, 1999),
and iii) tracer-based methods which are a combination of the conceptual
methods where the calibration of the model depends on streamflow and
tracer concentration (e.g., Christophersen and Hooper, 1992; Laudon
and Slaymaker, 1997; Munoz-Villers and McDonnell, 2012). The latter
one, based on physical principles (i.e., mass balance) (Mei and Ana-
gnostou, 2015; Miller et al., 2014; Zhang et al., 2017) and isotopic or
geochemical (tracer) signals measured directly on water fluxes and/or
storages (Klaus and McDonnell, 2013) is one of the most robust meth-
odologies. However, mass balance mixing models have limited potential
to integrate runoff and tracer response to precipitation inputs (Birkel
et al., 2014) because they do not provide a representation of internal
processes or flowpaths. In response to this limitation, approaches inte-
grating tracer information for the calibration of numerical flow models
have been developed (Benettin et al., 2015, 2013; Birkel et al., 2011;
McGuire et al., 2007). Simultaneous calibration of flow transport and
tracer mixing not only improves the realism of models compared to
calibration with streamflow alone (Soulsby et al., 2015; Stadnyk et al.,
2013; Vaché and McDonnell, 2006), but also results in more constrained
parameter values (Wang et al., 2018, Wang et al., 2017). Tracer-aided
modelling has allowed refined understanding of catchment hydrologi-
cal functioning by simultaneously accounting for streamflow and tracer
mixing dynamics into model calibration (e.g., Mosquera et al., 2018;
Segura et al., 2012; Weiler et al., 2003).

Several tracers have been used for event hydrograph separation but
despite their limitations (Buttle, 1994; (Klaus and McDonnell, 2013)),
water stable isotope ratios of oxygen and hydrogen (5'20 and 5%H) are
considered to be ideal tracers because of their conservative nature when
not influenced by evaporative processes (Klaus and McDonnell, 2013).
However high resolution isotopic data remains challenging to obtain
and records are limited in most cases to a few months (Wang et al.,
2019). Hence, there is a need to identify alternative tracers. Electrical
conductivity (EC)—defined as a measure of the ability of water to
transfer an electrical current—has been alternatively used in flow par-
titioning studies (e.g., Lott and Stewart, 2016; Munyaneza et al., 2012;
Stewart et al., 2007) due to its low monitoring and maintenance cost. It
can easily be collected at sub-hourly temporal frequency (e.g., Mosquera
et al., 2018). Although EC is considered as a non-conservative tracer
because of its dependence on catchment geochemical processes which
limit its use in hydrograph separation studies (e.g., Blume et al., 2008;
Hayashi et al., 2012; Pearce et al., 1986), it has also been reported to
provide similar flow partitioning results compared with stable isotopes
in different environments worldwide (e.g., Camacho Suarez et al., 2015;
Cano-Paoli et al., 2019; Meriano et al., 2011; Vidon and Cuadra, 2010).
A recent study revealed a high level of agreement between flow parti-
tioning results using a tracer-aided hydrological model calibrated for
stable isotopes and EC for a rainfall event in a catchment with Medi-
terranean climate in Oregon, USA (Mosquera et al., 2018). These find-
ings encourage the use of tracer-aided hydrological modelling to assess
whether EC recorded at high temporal frequency can be used as a sur-
rogate for conservative tracers in hydrograph separation studies (Cano-
Paoli et al., 2019; Saraiva Okello et al., 2018). In this paper we used
water stable isotope ratios and EC data monitored at high-temporal
frequency (sub-daily to sub-hourly) during 37 rainfall-runoff events at
the Zhurucay Ecohydrological Observatory, a tropical mountain catch-
ment located in southern Ecuador to:
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i) assess whether the calibration of a tracer-aided hydrological model
using EC and stable isotopes for events monitored under variable
hydrometeorological conditions yield similar hydrograph separation
results, and,

ii) evaluate how model calibration using EC data collected at sub-hourly
intervals (every 5-minutes) influences model performance.

2. Materials and methods
2.1. Study site

The study site is a tropical alpine (paramo) catchment located within
the Zhurucay Ecohydrological Observatory (ZEO) on the west slope of
the Atlantic-Pacific continental divide in the Andes of southern Ecuador
(3°04' S, 79°14' W) (Fig. 1). The catchment is 3.28 km? and varies in
elevation between 3,676 and 3,900 m.a.s.l. Climate is influenced by air
masses stemming from the Amazon rainforest (Esquivel-Hernandez
et al., 2019), presenting a mean annual precipitation of 1,345 mm at
3,780 m.a.s.l. Rainfall occurs almost daily as drizzle with rain intensities
rarely exceeding 5 mm/h (Padron et al.,, 2015). Despite the high-
elevation of the study site, its geographical location at a tropical lati-
tude near the equator precludes the occurrence of snow. The catchment
presents flashy discharge response to precipitation (Mosquera et al.,
2016a, Mosquera et al., 2015), which has been linked to frequent water
occurrence of saturated conditions at the thin soils (usually < 1 m depth)
as a result of their high water retention capacity and the constant input
of low intensity precipitation (Lazo et al., 2019). Hydrology in the sys-
tem is dominated by shallow subsurface flow (Mosquera et al., 2016b).
Monitoring at 3,780 m.a.s.] indicate mean annual temperature of 6 °C,
90% relative humidity, and reference evapotranspiration of 2 mm/day
(Cérdova et al., 2015).

Two geological formations dominate the study site, the Quimsacocha
and Turi formations. The Quimsacocha presents basaltic flows with
plagioclases, feldspars, and andesitic pyroclastics. The Turi is composed
of tuffaceos andesitic breccias, conglomerates, and horizontal stratified
sands. Soils in the ZEO are rich in organic matter, black, humic, and acid,
with high water storage capacity (Quichimbo et al., 2012). They formed
from the accumulation of volcanic ash over low gradient slopes and
valley bottoms. They are identified as Andosols and Histosols (IUSS
Working Group WRB, 2015), covering 74% and 26% of the study area,
respectively (Mosquera et al., 2015). The depth of the soil ranges be-
tween 0.9 m and 2.0 m for the Histosols, and between 0.2 m and 0.7 m
for the Andosols, with a slightly weathered underlying shallow bedrock
above compact bedrock. The ZEO is mainly composed of two types of
vegetation: 1) tussock grasses (Calamagrostis sp.) covering the Andosols
and 2) cushion plants (Plantago rigida, Xenophyllum humile, Azorella spp.)
overlying the Histosols. The latter vegetation-soil combination was
defined as “Andean Wetlands” by Mosquera et al. (2016a). The study
area is mostly undisturbed with light grazing mainly in the lower part of
the catchment (Mosquera et al., 2015).

2.2. Hydrometric data collection

Water level and precipitation data were collected during the period
October-2017 to June-2019. Water level data at the catchment outlet
(Fig. 1) were recorded using a V-notch weir equipped with an INW
(AquiStar CT2X, Kirkland, WA, USA) pressure transducer (accuracy of
+4/-1.75 mm). The constant rate salt dilution method (Moore, 2004) was
used to calibrate the Kindsvater-Shen equations (U.S. Bureau of Recla-
mation, 2001) to convert water level data into discharge (Guallpa et al.,
2022). Precipitation was measured using 4 HOBO (RG3-M, Onset
Computer Corporation, Bourne, MA, USA) rain gauge tipping buckets
(0.2 mm resolution) distributed across the catchment (Fig. 1).
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Fig. 1. Map of the study site located at the Zhurucay Ecohydrological Observatory (ZEO) in south Ecuador showing the hydrometeorological monitoring setup.

2.3. Tracer data collection

Water samples for Oxygen-18 analysis were collected during the
same period as hydrometric data (i.e., October-2017 to June-2019).
Discharge samples were collected at the catchment outlet (Fig. 1)
using a PVS4120D autosampler (Campbell Scientific, Logan, UT, USA).
Sampling interval varied depending on available logistical resources.
Three sampling intervals were applied as follows: from October-2017 to
January-2018 sampling interval was every 6 h, from January-2018 to
March-2019 samples were collected every 4 h, and from March-2019 to
June-2019 the sampling interval was hourly.

Precipitation samples were collected using a volumetric sequential
rainfall sampler (Fig S1) located near the meteorological station in the
upper part of the catchment (Fig. 1). The collector was free from evap-
orative fractionation as indicated by the oxygen-18 and deuterium
relation (Fig. S2). Both discharge and precipitation water samples were
collected and stored in 2 ml amber glass bottles. Discharge water sam-
ples were filtered in situ using 0.45 um polypropylene single-use syringe
membrane filters (Puradisc 25 PP Whatman Inc., Clifton, NJ, USA). The
bottles were sealed with parafilm and stored away from sunlight to
avoid evaporative fractionation effects.

Oxygen-18 isotopic composition was measured using a cavity ring-
down spectrometer (Picarro 2130-i). Precipitation and discharge sam-
ples were analyzed in separate runs in order to diminish memory effect
in the analysis (Penna et al., 2012). Six sample injections were applied
and the first three were discarded to further reduce memory effects. In
order to control the quality of the analysis, a set of three isotopic stan-
dards were analyzed every 12 samples, obtaining strong linear correla-
tions (r2 > 0.99). In addition, the standards’ error (0.1 %) and the error
of the analysis (0.1 %o), both reported by the manufacturer, were added
(0.2 %), and if the average error of the three measurements resulting
from the standards’ injections was larger than such value, the samples
were reanalyzed. This procedure was undertaken for each set of stan-
dards analyzed. The samples were checked for organic contamination
using ChemCorrect™ (Picarro Inc., Santa Clara, CA, USA). We used the
notation for reporting the isotopic composition in per mill (%o) using the
Vienna Standard Mean Ocean Water (V-SMOW; Craig, 1961) as
reference.

Electrical Conductivity (EC) was measured in precipitation and

stream water. Discharge EC values were recorded at the catchment
outlet through the same probe used for water level monitoring (i.e., INW
CT2X, accuracy of + 0.5% of the measured EC value). EC data were
recorded at the same sampling resolution as water level data (i.e., every
5 min) and are expressed in pS/cm. The probe was calibrated prior to
installation and every 6 months afterwards to secure high quality of the
data. Water samples to determine precipitation EC were collected using
the aforementioned volumetric sequential rainfall sampler. EC water
samples were collected at the same time water samples for isotope
analysis were taken but stored in 50 ml plastic bottles. Subsequently, EC
was measured in each water sample using a WTW Universal Multi-
Parameter (Handheld ProfiLine Multi 3320, Xylem Analytics Germany
GmbH, Weilheim, Germany) equipped with a conductivity measuring
cell (TetraCon 325, Xylem Analytics Germany GmbH, Weilheim, Ger-
many) with an accuracy of + 0.5% of the measured value. The cali-
bration of the equipment was performed before every sampling
campaign.

2.4. Rainfall-runoff events selection and characterization

Rainfall-runoff events were selected using hydrometric data to
analyze event and pre-event flow partitioning under variable flow
conditions. Events were defined using the Peak Over Threshold (POT)
method in which the sample is all peak values above a baseline discharge
threshold (Lang et al., 1999). The threshold selected was the ZEO low
flow value corresponding to the Q35 non-exceedance flow rate (Mos-
quera et al., 2015). Thus, runoff response to rainfall starting below Q35
with peak values over this threshold were considered as rainfall-runoff
events. Additionally, a minimum inter-event criteria (Dunkerley,
2008) was also used to select events accounting for precipitation dy-
namic. The minimum inter-event time to define independent events was
6 h due to the frequent occurrence of rainfall at the ZEO (Padron et al.,
2015). Analyses were conducted using R version 3.5.1 with the POT
package (Ribatet and Dutang, 2004).

The following variables were estimated to characterize the selected
rainfall-runoff events: peak flow, cumulative discharge, cumulative
precipitation, and runoff coefficient. These variables allowed evaluation
of the flow conditions under which flow partitioning was carried out at
the ZEO. Additionally, we assessed the streamflow sampling resolution
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as the ratio of the number of samples collected during each of the events
to the event duration in hours. This allowed us to evaluate the influence
of sampling resolution on flow partitioning results.

2.5. Tracer-aided flow partitioning modelling

We used the Tracer-based Streamflow Partitioning Analysis model
(TraSPAN; Mosquera et al., 2018) to estimate event and pre-event water
fractions for each rainfall-runoff event. TraSPAN is an event-based
model that uses a combination of the unit hydrograph approach to
simulate discharge response to rainfall events and flow response transit
time distributions (TTDs) to account for internal catchment mixing
processes through tracer mass balance.

In the following, we describe the main features of TraSPAN, and the
reader is referred to Mosquera et al. (2018) for a detailed description of
the modelling framework. TraSPAN is composed of three modules
(Table S1 and Fig S3). The first module computes effective rainfall (Pe¢f)
as the product of antecedent rainfall index (s) (Jakeman and Horn-
berger, 1993) and precipitation (P) (Equations 1 and 2 in Table S1). The
second module calculates the fraction of Ps routed as event or pre-event
water. Module 3 estimates the event (Q.) and pre-event (Q,) water
fractions through convolution of the TTDs. Convolution results are used
in combination with a mass balance approach to estimate the tracer
concentration (Equation 8 in Table S1). The sum of Q. and Q,, represents
total discharge (Q).

Modules 2 and 3 allow for the configuration of different structures
representing different catchment hydrological behavior. Module 2 per-
mits setting up the fraction (f) of P that is routed as event water to be
constant or time-variant (Equation 3 in Table S1). Module 3 gives the
possibility to select between two TTDs commonly used to assess the
representation of tracer mixing in hydrological models: the Exponential
Model (EM; Maloszewski and Zuber, 1996) which represents a single
linear reservoir (Equations 6 and 7 in Table S1) and the Two Parallel
Linear Reservoir model (TPLR; Weiler et al., 2003) which consists of two
connected linear reservoirs (Equations 9 and 10 in Table S1). The
combination of the different options of modules 2 and 3 results in four
possible model structures. Structure 1 uses f as constant and the EM TTD
to estimate event and pre-event fractions (7 calibration parameters).
Structure 2 also considers f as constant but uses the TPLR TTD for flow
partitioning (11 calibration parameters). Structure 3 assumes f as a time-
variant function with the EM TTD for event and pre-event water esti-
mation (8 calibration parameters). Structure 4 assumes f as a time-
variant function in combination with the TPLR model (12 calibration
parameters). The equations and calibration parameters for each model
structure are presented in Table S1 and Fig. S3 as they are described in
detail in Mosquera et al. (2018).

The pre-event end-member concentration was estimated as the
average of the three streamflow samples collected prior to the beginning
of the events (Bonell et al., 1990). The event end-member concentration
was assumed equal to the incremental weighted mean of precipitation
samples collected during the events (McDonnell et al., 1990).

2.6. Model evaluation and selection of best model structure

We ran the four model structures for each rainfall-runoff event using
either 5'®0 and EC for calibration. Each model structure was run a
million times. A Monte-Carlo sampling approach was used to produce a
set of randomly generated parameter values for each model run (Beven
and Freer, 2001). The range of values from which the parameter sets
were defined was selected according to values commonly found in the
published literature (e.g., Mosquera et al., 2018; Segura et al., 2012;
Weiler et al., 2003). The same time steps for hydrometric and tracer data
were used to allow for a direct comparison of the model calibration
results using 5'®0 and EC. Hydrometric data (precipitation and
discharge) at 5 min intervals were used. Considering the different
sampling resolution of isotopic (6 h, 4 h, and hourly; Section 2.3), and
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EC (every 5 min) data, only EC data collected at the same time than 580
data were used for comparing flow partitioning results. EC and §'%0 data
in precipitation were volume weighted to aggregate them to the same
frequency tracer data in streamflow where available.

The Kling-Gupta Efficiency (KGE; Gupta et al., 2009) metric was used
to evaluate the goodness of fit of the model simulations to the hydro-
metric and tracer observations. For comparison among the four model
structures, we used the average of the discharge and tracer KGE values
(Mosquera et al., 2018). The Akaike Information Criteria (AIC; Akaike,
1974) metric was calculated to evaluate the parsimoniousness of each of
the model structures to account for their different number of calibration
parameters. The discharge and tracer AIC values were added into a
single one to compare the different model structures (Mosquera et al.,
2018). The model structure presenting the highest KGE and lowest AIC
values was considered as the best representation (“best model struc-
ture”) of the hydrological behavior of the catchment for each rainfall-
runoff event. Uncertainty of the results was obtained using a threshold
of behavioral solutions. This threshold included sets of parameters
yielding KGEs above 0.5, except when the best KGE for the event was <
0.5 for which the threshold was set in KGEs above 0.3. We
obtained>5000 behavioral sets for all analyzed events.

The KGE and AIC metrics were used to compare whether the best
model structures calibrated using 5'0 and EC yielded similar flow
partitioning results. To this end, we assessed the difference between the
pre-event water fractions estimated for the best model structure using
5'%0 and EC separately for calibration. If such difference was lower than
20%, the results were considered as similar (Laudon and Slaymaker,
1997). Uncertainty in the modelling results was considered in the
comparison by calculating the difference of pre-event water fractions of
the 5 and 95% confidence limits from the parameter sets within the
range of behavioral solutions. Furthermore, statistical significance of the
differences between the pre-event water fractions estimated using 520
and EC was evaluated using the Sign (Sprent, 2011) and Wilcoxon
signed-rank test (Wilcoxon, 1945) to a significance level of 0.05 (a =
0.05), and the statistical power of these tests, representing the proba-
bility that they correctly rejected the null hypothesis, was also assessed.
The effect size for the statistical power analysis was obtained using the
formula r = Z/+/N following the guidelines proposed by Tomczak and
Tomeczak (2014), where Z equals the z-value, N is the number of paired
samples, and r refers to the effect size. We visually inspected the TTDs
produced by the best model structure calibrated for each tracer during
each rainfall-runoff event to evaluate if the modelling results yielded a
similar representation of the catchments’ transport and mixing pro-
cesses for different flow conditions.

2.7. Influence of temporal data collection frequency on flow partitioning

Taking advantage of the high temporal frequency at which EC data
were collected, we tested the influence of sampling frequency on flow
partitioning results. To this end, the simulations were carried out using
the original temporal resolution at which EC and discharge data were
collected during each rainfall-runoff event, i.e., every 5 min. Precipita-
tion data were also aggregated to the same time frequency. We
compared the results obtained with high frequency data (5 min) against
those resulting when the model was run using EC data at the same fre-
quency 5'%0 data were available (6 h to hourly). The KGE metric was
used to evaluate whether the use of high-frequency data influences the
goodness of fit of the model results.

3. Results
3.1. Rainstorm events characterization

Thirty-seven rainfall-runoff events were monitored during the study
period over a wide range of hydrometeorological conditions. Peak flow
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varied from 0.02 to 2.1 mm/h (Table 1, Fig. 2). Events were ordered and
labeled in ascending order according to their position over this curve.
Events lasted between 10 and 104 h (Table 1). Events lasting > 70 h
mainly produced low peak flows (events 1-4), except for event 21 (70 h)
that yielded a moderate peak flow (0.3 mm/h). The duration of the rest
of the events was<52 h (2.17 days). Cumulative precipitation during the
events ranged between 2.9 and 26.2 mm with cumulative discharge
values varying between 0.6 and 22.7 mm (Table 1). The variation of the
runoff coefficient of the events was large and ranged between 0.05
(event 1) and 0.92 (event 20) most likely as a result of the varying
rainfall-runoff response and antecedent moisture conditions in the
catchment.

3.2. Selection of best model structure

The four evaluated model structures for all events calibrated using
580 yielded KGE values varying between 0.23 and 0.94 (structure 1),
0.07 and 0.86 (structure 2), 0.20 and 0.89 (structure 3), and 0.28 and
0.90 (structure 4) (Fig. 3a). This, except for event 18 using model
structure 3 for which no set of parameters produced KGE values > 0,
although we found no specific event features (e.g., peak flow, cumula-
tive discharge and rainfall, antecedent precipitation) explaining this
observation. Event 23 presented the highest KGE for all model struc-
tures, whereas event 5 had the lowest KGE for structures 1, 3, and 4 and
event 33 produced the lowest KGE for structure 2. About 80% of the
events (n = 29) had KGEs > 0.5, and model structures 1 and 4 had the
largest number of events with KGE > 0.5 (Fig. 3a). Most KGE differences
between model structures 1 and 4 were smaller than 0.06. The lowest
AIC values corresponded to structures 2 and 4 (Fig. 3b). Overall, the
combined evaluation of the KGE and AIC metrics showed that model
structure 4 consistently yielded the highest KGE values (i.e., >0.6) and
lowest AIC values for most events.

We also obtained good results (i.e., KGE > 0.5 for most events) when
using EC for calibration. Similar to 880 calibration, only event 18 could
not be calibrated using model structure 3 (KGE < 0). KGE values varied
between 0.19 and 0.82 (structure 1), 0.3 and 0.81 (structure 2), 0.36 and
0.81 (structure 3), and 0.45 and 0.85 (structure 4) (Fig. 3c). All struc-
tures presented KGE values higher than 0.5, except for events 6 (0.47),
12 (0.42), and 16 (0.19) with structure 1, events 3, 5, 6, 12, 14, 15, and
16 for structure 2 with KGE 0.16-0.48, events 12 (0.36) and 16 (0.42)
with structure 3, and event 6 (0.45), 12 (0.45), and 16 (0.46) for
structure 4. Model structure 4 had the highest KGE values for 22 of the
37 events and was very close to the highest KGE values for the rest of the
events with differences usually smaller than 0.05 compared with the
structures producing the highest KGEs (Fig. 3c). As with §'%0, AIC
values indicated that structures 2 and 4 presented the lowest AIC values
(Fig. 3d). These results indicate that model structure 4 is the one that
best represents the rainfall-runoff dynamics of the catchment using EC
for model calibration.

3.3. Flow partitioning modelling results

Pre-event water fractions (PEWFs) estimated using the model
structure best representing the hydrological system with each tracers
(5'80 or EC) for model calibration (i.e., model structure 4) are presented
in Fig. 4. The figure shows the PEWFs that yielded the highest KGE
values and their associated uncertainties. In general, a dominance of
PEWF (>50% of total stormflow) was observed for the simulations
producing the highest KGEs regardless of the tracer used for model
calibration. For §!%0 calibration, PEWFs ranged from 40.9% to 98.8%
and only two events presented PEWFs < 50% (events 2 and 34). When
the model was calibrated using EC, PEWFs varied between 22.4% and
96.7%, and only one event had a PEWF lower than 50% (event 2).

The median of the simulation uncertainties (i.e., 5-95 confidence
intervals) obtained using 8180 for calibration of structure 4 was 18.5%
and ranged from 6.2% to 31.5%. The median of the uncertainties for the
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same model structure calibrated using EC was 23.2% and varied be-
tween 9.2% and 45.2%. It is worth highlighting that model structure 4
yielded the lowest PEWF uncertainties for all events using 5'0 and EC
(Fig. S4). These results further support the selection of structure 4 as the
one best representing the studied hydrological system. A dominance of
PEWF in>70% of the event hydrographs was observed (Fig. 4).

3.4. Comparison of flow partitioning modelling using 5’0 and EC

Differences in PEWFs estimated using 5'%0 and EC (i.e., 580 PEWF -
EC PEWF) ranged from —17.45% to 27.26% for model structure 4
(Fig. 5). Thirty-three out of the 37 monitored events presented differ-
ences smaller than 20%, and 18 had differences lower than 10%. All
events producing low peak flows yielded similar PEWF estimates
regardless of the number of samples available during peak flow pro-
duction (i.e., above 85% of the events’ peak flow value) and their
sampling resolution value (Fig. 5). The events showing differences >
20% had the commonality that no samples were collected during peak
flow production and they had sampling resolution values lower than
0.25.

PEWFs calculated using 8'%0 and EC were similar as depicted by the
overlap of their associated uncertainties for most of the events, except
for events 22 and 36. The Sign and Wilcoxon statistical tests showed no
significant differences between the results obtained using 8'%0 and EC
for structure 4 (p-value > 0.05; 0.19 for Sign and 0.07 for the Wilcoxon;
Table 2), with a 96% probability that the test correctly rejects the null
hypothesis represented by the statistical power (Table 2). Although
differences between PEWF estimations using structure 4 were the
smallest among all evaluated models (Fig. S5), results showed that EC
gave similar PEWF estimations than §!%0 regardless of the evaluated
model structure. A remarkable similarity between the TTDs of event and
pre-event water fractions using §'%0 and EC for model calibration was
also observed (Fig. 6).

3.5. Effect of high frequency data in flow partitioning modelling

In order to assess how increasing the tracer temporal sampling res-
olution influences the goodness of fit of the model simulation results, we
used the original EC sampling resolution (i.e., every 5-minutes) to esti-
mate PEWFs for the 37 rainfall-runoff events using the best model
structure of the system (i.e., structure 4). All of the events presented a
considerable increase in their KGE values which varied between 0.54
(event 9) and 0.92 (event 16; Fig. 7). This represented an average KGE
increase of 14% among all events in relation to the KGEs yielded when
the simulations were carried out using the original §'%0 sampling res-
olution used to compare the PEWFs estimated using 5'%0 and EC (i.e., 1
to 6 h). Uncertainty in the results showed an average decrease of 5% for
all the events, with event 33 having the highest decrease (8%) and event
16 presenting the lowest reduction (2%).

4. Discussion

4.1. Selection of the best model structure and process-based
conceptualization

Using two tracers for model calibration (6180 and EC), TraSPAN
allowed evaluation of four model structures representing different
catchment hydrological behavior (competing hypothesis; Pfister and
Kirchner, 2017) for 37 rainfall-runoff events monitored for a wide range
of climatological and flow conditions to obtain the best representation of
the investigated hydrological system. Goodness of fit (KGE) analysis
indicated that model structure 4 provided the best representation of the
studied paramo catchment for 64% of all events regardless of the tracer
used for model calibration (Fig. 3). These results were confirmed by the
parsimony analysis which showed that model structure 4 presented the
lowest AIC values despite it had the largest number of calibration
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Table 1
Main hydrometeorological characteristics of the 37 monitored rainfall-runoff events. Events are ordered according to their peak flow value from minimum (Event 1) to
maximum (Event 37).

Event Start End date Duration Peak flow Cumulative Cumulative Average rainfall Runoff Number of discharge

code date (hour) (mm/h) rainfall (mm) discharge (mm) intensity (mm/h) coefficient samples collected

1 04-01- 08-01- 96 0.02 10.3 0.6 0.1 0.05 17
2018 18:00 2018 18:00

2 29-12- 02-01- 104 0.03 13.9 1.0 0.1 0.07 15
2017 15:00 2018 23:00

3 05-10- 10-10- 103 0.03 12.8 1.3 0.1 0.10 26
2018 22:00 2018 5:00

4 19-03- 22-03- 89 0.04 15.3 1.6 0.2 0.10 15
2018 2:00 2018 19:00

5 01-06- 02-06- 29.17 0.16 6.0 2.7 0.2 0.46 25
2019 10:20 2019 15:30

6 04-06- 05-06- 16.67 0.16 6.7 2.1 0.4 0.31 15
201917:30 2019 10:10

7 07-05- 09-05- 33.33 0.16 6.9 3.5 0.2 0.50 17
2019 18:40 2019 4:00

8 02-03- 03-03- 25 0.17 5.2 2.4 0.2 0.46 3
2019 11:00 2019 12:00

9 24-03- 25-03- 28 0.18 6.0 2.1 0.2 0.35 5
2018 14:00 2018 18:00

10 29-03- 30-03- 18.33 0.19 9.2 1.9 0.5 0.21 5
2019 11:20 2019 5:40

11 21-04- 22-04- 21.67 0.21 8.8 2.4 0.4 0.27 16
2019 14:20 2019 12:00

12 12-02- 13-02- 21.67 0.22 6.1 3.2 0.3 0.53 5
2019 9:40 2019 7:20

13 01-02- 02-02- 33.33 0.22 11.0 3.5 0.3 0.32 7
2019 7:00 2019 16:20

14 28-04- 29-04- 30 0.22 8.9 4.4 0.3 0.49 6
2018 4:00 2018 10:00

15 01-05- 02-05- 31 0.22 10.5 4.2 0.3 0.4 6
2018 16:00 2018 23:00

16 20-11- 21-11- 25 0.24 8.6 2.0 0.4 0.23 7
2018 13:10 2018 14:10

17 04-04- 05-04- 16.67 0.25 29 2.6 0.2 0.88 5
2019 14:50 2019 7:30

18 22-10- 23-10- 24 0.25 8.1 2.8 0.3 0.35 6
2017 9:00 2017 9:00

19 07-04- 08-04- 29.17 0.27 8.4 3.3 0.3 0.39 9
2019 9:30 2019 14:40

20 23-04- 24-04- 20 0.30 3.5 3.2 0.2 0.92 20
2019 13:50 2019 9:50

21 29-07- 01-08- 70 0.33 16.7 8.0 0.2 0.48 18
2018 6:00 2018 4:00

22 21-03- 22-03- 20.83 0.34 10.2 3.3 0.5 0.33 6
2019 13:20 2019 10:10

23 01-08- 03-08- 52 0.40 8.9 6.4 0.2 0.72 12
2018 6:00 2018 10:00

24 09-02- 10-02- 18.33 0.49 9. 4.4 0.5 0.47 6
2019 13:20 2019 7:40

25 24-03- 25-03- 29.17 0.55 12.1 5.9 0.4 0.48 8
2019 12:10 2019 17:20

26 14-01- 15-01- 24 0.57 21.5 3.7 0.9 0.17 4
2018 8:00 2018 8:00

27 30-03- 31-03- 23 0.57 13.7 3.8 0.6 0.27 5
2018 19:00 2018 18:00

28 22-03- 23-03- 28.33 0.60 9.0 6.9 0.3 0.77 7
2019 11:00 2019 15:20

29 14-05- 15-05- 10 0.60 7.3 3.8 0.7 0.52 7
201917:20 2019 3:20

30 05-06- 06-06- 20.83 0.63 8.4 5.4 0.4 0.65 18
201910:10 2019 7:00

31 13-02- 14-02- 25 0.73 12.5 7.1 0.5 0.57 7
2019 10:40 2019 11:40

32 15-05- 15-05- 14.17 0.80 11.4 6.8 0.8 0.59 9
2019 5:50 2019 20:00

33 16-01- 18-01- 43 1.03 21.5 11.1 0.5 0.51 4
2018 14:00 2018 9:00

34 26-05- 27-05- 25 1.38 16.1 14.1 0.6 0.88 7
2018 10:00 2018 11:00

35 07-05- 08-05- 24 1.46 12.3 9.5 0.5 0.77 5
2018 9:00 2018 9:00

36 18-01- 19-01- 25 1.59 15.8 8.5 0.6 0.54 5
2018 11:00 2018 12:00

37 24-05- 25-05- 30 2.14 26.2 22.7 0.9 0.86 8

2018 11:00 2018 17:00
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Fig. 2. Peak flow of the 37 monitored events along the peak flow non-exceedance curve constructed using 10-years of discharge data (2010-2020) at the study
catchment. Black dots represent the peak flow value for each of the monitored rainfall-runoff events. Events were ordered according to their peak flow from minimum
to maximum. That is, event 1 has the lowest peak flow, whereas event 37 has the highest one.

parameters of all the evaluated structures. This finding reassures that the
selection of this model structure was not affected by over-
parameterization issues (Forster, 2000).

The selection of this model structure is supported by the conceptu-
alization of rainfall-runoff processes at the study catchment. Model
structure 4 involves a variable fraction of effective precipitation routed
as event water and 2 reservoirs with different travel times (fast and
slow), where water mixes and is further released as streamflow. The time
variable fraction of event water likely accounts for two processes. First,
interception losses from tussock grasses covering 74% of the catchment
(tussock grass water storage capacity = 2 mm) (Ochoa-Sanchez et al.,
2018) as precipitation intensity during the monitored events rarely
exceeded 0.5 mm/hr (Table 1). Second, the recharge of the available
water storage in the riparian wetlands (Histosol soils) at the beginning of
the events (Lazo et al., 2019).

The water reservoir with fast transfer time reflects a combination of
direct channel precipitation (e.g., Penna et al., 2015) and water that
flows in the first few centimeters of the paramo soils in the riparian
wetlands which remain near saturation conditions year-round (Mos-
quera et al., 2015). That is, with little to no contact time with the sub-
surface (Delsman et al., 2013). These water flow paths on average
account for 15% (using 5'%0) and 22% (using EC) of storm runoff ac-
cording to our tracer-based hydrograph separation estimations. They
constitute the “new water” end-member of the system during stormflow
generation (Correa et al., 2019). The reservoir with slow travel time
represents the mobilization of water from deeper horizons of hillslope
and wetland soils and small contribution from shallow groundwater in
the rather compact bedrock (Correa et al., 2017; Crespo et al., 2011;
Lazo et al., 2019). It represents the “old water” end-member dominating
the stormflow hydrograph (on average 85% with 580 and 78% with
EQC).

The dominance of the PEWFs during rainfall events (Fig. 4) is in line
with that reported based on weekly to biweekly data collected in the
period 2011-2014 in the study area (PEWFs > 75%) (Correa et al., 2017;
Mosquera et al., 2016a). The prevalence of pre-event water is also in
agreement with the concept that runoff generation is mainly controlled
by water stored in catchments prior to rainfall events (Klaus and
McDonnell, 2013; McGuire and McDonnell, 2010; Munoz-Villers and
McDonnell, 2012). Overall, the selection of model structure 4 as the best
representation of the catchment’s hydrological behavior during rainfall-

runoff events is supported by the statistical analysis and the mechanistic
understanding of runoff generation at the study site.

4.2. Comparison of flow partitioning modelling using stable isotopic and
EC data under variable flow conditions

The comparison of PEWFs estimated using model structure 4 showed
that 5'80 and EC yielded similar flow partitioning results for most of the
events (Fig. 5). Such similarity of flow partitioning results between both
tracers has also been reported in a variety of catchments worldwide.
Vidon and Cuadra (2010) found differences between 5% and 15% at a
tile-drained field site in the USA. Laudon and Slaymaker (1997) ob-
tained differences of about 20% in alpine catchments in British
Columbia. Cano-Paoli et al. (2019) analyzed hydrograph separation at a
headwater alpine catchment in Italy, where the differences between
estimations yielded by the two tracers were about 10%. Camacho Suarez
et al., (2015) reported no major differences (<9%) in a sub-tropical
semi-arid environment. Meriano et al. (2011) also found small differ-
ences (8%) at an urban glaciated catchment in Canada. It is worth noting
that the aforementioned investigations were conducted using a rather
limited number of monitored events, normally<10. This limitation
reduced the capacity to statistically evaluate the significance of the re-
ported similarities, as well as potential differences in results over a wide
range of climatological and flow conditions. The unique dataset pre-
sented in this study permitted to statistically support our findings
(Table 2), which in general did not depend on such hydroclimatological
variability.

It is well known that EC can behave as a non-conservative tracer
under certain conditions (Hayashi et al., 2012; Laudon and Slaymaker,
1997; Pellerin et al., 2008). In other tropical catchments in Panama, this
non-conservative behavior has been attributed to large intensity pre-
cipitation events as a result of pre-event water contributions becoming
more dilute across the course of rainstorms (Litt et al., 2015). Another
reason for discrepancies among flow components estimated using stable
isotopes and EC could arise from spatial variability in the activation of
different water flow paths contributing to discharge (Hoeg et al., 2000).
Our findings indicate that these sources of discrepancy are overcome at
our study site as a result of the presence of riparian wetlands presenting
high porosity and available water storage capacity for tracer mixing
(Lazo et al., 2019) in combination with low contributions of water from
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Fig. 3. Best model performance metrics (KGE and AIC) of flow partitioning using high resolution §'%0 and EC data with each model structure. Red, blue, orange, and
green bars correspond to model structures 1, 2, 3, and 4, respectively. Subplots a) and b) correspond to 580 calibration, and (c) and (d) correspond to EC calibration.
(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

deeper groundwater flow paths (Correa et al., 2019, 2017; Mosquera
etal., 2016a). These conditions likely reduce the spatial variability of EC
across the catchment before reaching the stream (Mosquera et al.,
2016b). These findings are further supported by the remarkably similar
process-based understanding yielded by the model simulations regard-
less of the tracer used for calibration and flow conditions (from low to
high), as evidenced by the strong similarity between the system’s TTDs
(Fig. 6). Altogether, these findings point to a quasi-conservative
behavior of EC at the study area, making it suitable for monitoring
rainfall-runoff processes at high-temporal frequency.

4.3. Increase in model performance using high resolution EC data

The lack of samples collected during peak flow in combination with a
low sampling resolution (ratio of samples collected during an event to its
duration in hours) caused discrepancies for the four events which pre-
sented PEWF differences>20% between 580 and EC (Fig. 5), particu-
larly for long-duration events (>90 h). Our findings indicate that

sampling resolution and the number of samples collected during high
flows should increase to avoid missing critical information during peak
flow production (von Freyberg et al., 2017), highlighting the importance
of and need for high-resolution monitoring during rainfall-runoff events.

One of the main advantages of finding a tracer that can be monitored
at high temporal frequency while satisfying the assumptions of the two-
component hydrograph separation, is that it provides the opportunity to
identify the variability of fast occurring rainfall-runoff processes. EC is
an ideal alternative tracer considering its ease of in-stream measurement
at fine temporal resolution (sub-hourly) and lower operational moni-
toring cost, compared to 5180 (Cano-Paoli et al., 2019). In this context,
our results clearly showed that when 5-minute EC data were used for
model calibration the goodness of fit of the hydrograph and tracer data
increased significantly for all monitored events. That is, KGE values
increased an average of 0.16 in relation those obtained when using data
collected at 1 to 6 h intervals (Fig. 7). These findings highlight the value
of monitoring tracer data at high temporal frequency (Floury et al.,
2017; Pesantez et al., 2021; Von Freyberg et al., 2017), so that the
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Table 2

Non-parametric tests for statistical differences between Oxygen-18 and EC
modelling results for each model structure. Bold values represent p-
values>0.05.

Model Sign Test p- Wilcoxon signed-rank Power of the
Structure value test p-value statistical test
1 0.26 0.05 0.83

2 0.62 0.16 0.75

3 0.07 0.10 0.95

4 0.19 0.07 0.96

temporal variability of water transport and mixing processes can be
better identified (Mosquera et al., 2018; Stockinger et al., 2016; Timbe
et al., 2015). Addressing this issue is especially important in environ-
ments with fast hydrological response, where peak flows often occur in
time periods less than an hour (e.g., Sahraei et al., 2020); so that the lack
of high-frequency data can result in a significant loss of information
(Kirchner et al., 2004). According to our findings, high-frequency EC

data can help overcome this issue in catchments with similar charac-
teristics to ours, while providing robust flow partitioning results as
evidenced by the comparative analysis between EC and stable isotopes
presented above.

5. Conclusions

Our study showed that EC yielded similar results than §'%0 at event
and pre-event hydrograph separation with a tracer-aided hydrological
model covering a wide range of flow conditions (low to high peak flows),
not only in amount of water but also at catchment internal processes
representation as shown by the similarity of the TTDs when calibrating
the model structures. These similarities could be attributed to some
specific catchment characteristics such as high water storage capacity
due to the high water retention capacity of the porous soils which allows
for an efficient mixing of the water in the system, combined with low
groundwater contributions that reduce the spatial variability of EC,
resulting in a quasi-conservative behavior from this tracer. This
behavior opens the possibility to use EC as an alternative tracer instead
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of stable isotopes (5'%0) in hydrograph separation studies, increasing
the sampling resolution which will make it possible to have a quasi-
continuous measurement of tracer data. This will help to increase the
number of samples available for hydrograph separation analyses
increasing the performance of models, resulting in an accurate repre-
sentation of catchment hydrological behavior even at peak flow where
information is often missing. This, in turn, could help to reveal fast

10

occurring rainfall-runoff processes. In addition, EC could lower the re-
sources needed to maintain high-frequency monitoring networks as it is
easier to measure allowing a sustained acquisition of data in the long-
term, which is often unachievable with other tracers (i.e., stable iso-
topes), especially in remote places were logistics are very difficult and
financial support is scarce.
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