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Abstract. Temporary (i.e., non-perennial) streams form a large fraction of the global stream network and are important
habitats. However, they are generally excluded from official monitoring networks. Visual observations by citizen scientists
provide a valuable opportunity to collect temporary stream data, but these observations are irregular in space and time. We
used observations by citizen scientists to derive the hierarchical structure (i.e., fixed order) of stream wetting and drying for a
forested hill in Zurich, Switzerland. The dataset consists of 2 to 235 (median: 64) observations for 55 sites, and at least one
observation for 402 days over the three-year period. In addition, an expert determined the stream state for 59 sites on 24 days
during a six-month period. The hierarchical structure was more uncertain for the citizen science dataset than for the expert
data, likely due to the irregularity of the observations. However, the hierarchical structures were comparable when considering
only the 26 overlapping sites for the overlapping observation period. The hierarchical structure could be used to predict the
stream state based on observations for other sites, allowing us to fill in data gaps. The correlation between the percentage of
sites with flowing water and cumulative net precipitation, furthermore, allowed us to extend the prediction of stream states to
days for which there were no observations. This study highlights the usefulness of citizen science-based observations of
intermittent streams for understanding stream network dynamics. Information on the accuracy of the hierarchy can be used to

determine which sites are particularly useful to observe for gap filling and thus to give feedback to citizen scientists.

Plain Language Summary. Streams that do not always contain flowing water form a large part of the stream network and are
crucial habitats. However, few of these streams are monitored. Citizen scientists can provide valuable data on when streams

are wet or dry. However, these observations are irregular in space and time. This study used data from the CrowdWater app
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with which citizen scientists can report the flow state (i.e., whether there is flowing water or not) for 55 sites across a 4 km?
forested area in Zurich, Switzerland. The goal was to predict when sites are flowing or not. For this, we determined the order
in which the sites start or stop flowing. Although this order was less certain for the citizen science data than for data collected
by an expert, it was similar when considering only overlapping sites and periods. By applying this order to the citizen science
data, we could fill in data gaps and predict the steam state for sites that were not monitored based on observations for other
sites. Using the correlation between the percentage of sites that had flowing water and precipitation minus potential
evaporation, we could even predict the daily variation in flow state for the summer period. Thus, despite some uncertainties,

citizen science data can effectively be used to estimate daily variations in flow state across an area.
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1 Introduction

Temporary streams (i.e., non-perennial streams) are streams that do not always contain flowing water. They represent more
than half of the global stream network (Goodrich et al., 2018; Messager et al., 2021; Botter et al., 2026) and are expected to
increase in number due to climate change and water withdrawals (Dhungel et al., 2016; Sauquet et al., 2021). Temporary
streams form unique habitats (Bonada et al., 2020; Sanchez-Montoya et al., 2018; Steward et al., 2022; Stubbington et al.,
2017) and are highly dynamic systems (e.g., Agren et al., 2015). Expansion of the flowing stream network affects hillslope-
stream connectivity and, thereby, catchment scale travel time distributions (Botter et al., 2025; van Meerveld et al., 2019), as
well as sediment (Fortesa et al., 2021) and nutrient transport (Bujak-Ozga et al., 2024; Larned et al., 2010). Therefore,
understanding the patterns of stream network wetting and drying is crucial for the protection of water resources and habitats.
However, temporary streams are generally not included in traditional stream monitoring networks (Benstead and Leigh, 2012;
Godsey and Kirchner, 2014; Krabbenhoft et al., 2022; Snelder et al., 2013; van Meerveld et al., 2020), due to the lack of gauges
for headwater streams where many of the temporary streams are located (van Meerveld et al., 2020), the difficulties in
measuring zero or very low flows (Zimmer et al., 2020), and a lack of appreciation of dry streams (Armstrong et al., 2012;
Cottet et al., 2023). As a result, repeated detailed information on the flow patterns across the stream network is mostly limited
to research areas (e.g., Bujak-Ozga et al., 2023; Jensen et al., 2019; Zimmer and McGlynn, 2017). At these research sites,
information on the stream state (mainly wet or dry streambed, but sometimes flowing or not flowing) has been collected by
experts who survey the stream network (e.g., Godsey and Kirchner, 2014; Jensen et al., 2017; Sefton et al., 2019), with the
help of cameras (e.g., Kaplan et al., 2019; Noto et al., 2024), or low-cost sensors (e.g., Assendelft and van Meerveld, 2019;
Bhamjee et al., 2016; Goulsbra et al., 2014; Jaeger and Olden, 2012; Kaplan et al., 2019). In these studies, the stream state was
observed either along the entire stream network, or observation points were picked strategically (e.g., equally distributed over

the study area, at stream junctions, or at geologically interesting points).

With the help of citizen scientists, information can be gathered about streams that would otherwise have been unmonitored
(Njue et al., 2019). In various projects, citizen scientists visually observe the state of temporary streams by either mapping
entire stream networks on a specific date (Allen et al., 2019; Turner and Richter, 2011) or by repeated monitoring of specific
sites. For the latter, several smartphone applications (apps) have been developed and are used nationally (RIU.NET;
www.ub.edu/fem/index.php/en/inici-riunet-en; FLOWPER (Jaeger et al., 2020)) or globally (DRYVER, www.dryver.eu;
StreamTracker, www.streamtracker.org; CrowdWater, www.CrowdWater.ch). Typically, citizen scientists decide which

stream sites they observe and when. As a result, the data are irregular in both space and time.

Citizen science data are also prone to uncertainties and biases. There are spatial biases related to infrastructure (e.g., road
access) and human population density (Geldmann et al., 2016; Mair and Ruete, 2016). Regarding temporal biases, Etter et al.
(2020) found no evidence that citizen scientists would only observe water levels on weekends or during nice weather
conditions. Instead, the citizen science data covered most of the observed water level range. Still, there are observational biases.

Scheller et al. (2024), for example, found that citizens would report a dry streambed, even when they observed pools of water.

3
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It is, so far, unclear if these biases and the irregular nature of citizen science datasets limit the use of temporary stream

observations for statistical modelling and if models can be used to fill the gaps in citizen science datasets for temporary streams.

Crowd-sourced observations of temporary streams have been used in a few studies. Jaeger et al. (2023) applied their previously
developed regional Random Forest model (Jaeger et al., 2019) to a National Park located within the area of the regional model.
Their model did not predict the timing or duration of flow conditions but allowed them to determine the probabilities of late
summer flow and the spatial drivers of flow intermittency. They concluded that crowd-sourced data were useful to improve
the results of the regional model. Peterson et al. (2024) installed eleven sensors and additionally used visual observations by
citizen scientists collected with the StreamTracker app for 117 sites to predict streamflow durations for the upper part of a
large basin in Colorado (USA) based on a random forest model. They found that sites that were observed more than ten times
by citizen scientists (112 of the 177 observation sites) were useful for the model and recommended that citizen scientists make
weekly stream state observations during summer. Other studies used expert data and random forest models (Beaufort et al.,
2019; Jaeger et al., 2019; Kaplan et al., 2022; Moidu et al., 2021; Price et al., 2021; Snelder et al., 2013; Gonzalez-Ferreras
and Barquin, 2017) or principal component analyses (Dhungel et al., 2016; Hammond et al., 2021; Jensen et al., 2019; Paillex
et al., 2020) to determine the spatial factors that affect stream drying (e.g., topographic wetness index, soil type, aridity index).
While these statistical models are useful to make predictions across large areas, they cannot be used for smaller areas because
climate, geology, topography and land use often do not vary enough over a small area to explain the observed fine-scale
variations in stream drying. Furthermore, they generally provide limited information about stream network dynamics, and thus

the timing of the onset or cessation of flow.

Graph theory has been used to derive the hierarchical structure (or fixed order) of stream wetting and drying (Botter and
Durighetto, 2020; Botter et al., 2021; Durighetto et al., 2023; Godsey and Kirchner, 2014). The method is based on the
observation that segments usually start to flow in a fixed order during stream network expansion and stop flowing in the reverse
order during network contraction (Godsey and Kirchner, 2014) and has been used for a range of catchments (e.g., Botter and
Durighetto, 2020; Botter et al., 2021; Durighetto et al., 2023; Durighetto and Botter, 2022). The strength of the method is that
it can simulate the flowing stream network and flow permanence based on a relatively small number of stream state
observations or irregular larger datasets. This is therefore a promising method to fill gaps in citizen science data for a certain
catchment or area. However, it has so far only been applied with data from stream surveys by experts. Although, it has been
shown that it can be used with irregular datasets (Durighetto et al., 2023), it is still not clear how well the hierarchical structure

can be determined for citizen science data that are generally more uncertain (and more irregular).

Therefore, in this study, we explored the usefulness of citizen science based temporary stream observations for the derivation
of the hierarchical structure of wetting and drying and whether this can be used to fill gaps in the data. The citizen science data
for temporary streams were collected with the CrowdWater app for a forested recreational area in Zurich, Switzerland. We

compared the hierarchical structure obtained with these data with one created based on regular surveys by an expert.
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Additionally, we used the hierarchical structure together with climate data to obtain daily estimates of the stream state for each

observation site. More specifically, we address the following research questions:

L How well can the hierarchical structure of stream wetting and drying be derived from irregular citizen

science observations and how does it compare to one based on expert data?

II. Do additional stream state observations by an expert improve the hierarchical structure obtained from citizen

science data?

1L Can the hierarchical structure be used to predict the stream state across the stream network based on

observations at other sites, and thus fill gaps in citizen science observations?

IVv. Can the hierarchical structure, in combination with climate data, be used to obtain daily predictions of the

stream state?

2 Methods
2.1 Study area

The study area is a small, forested hill in the city of Zurich, Switzerland (Figure 1a). The 4 km? area, called Zuriberg ranges
from 445 to 674 m.a.s.] in elevation. The climate is temperate humid. The surficial geology mostly consists of moraines,
although some areas are covered by freshwater molasse (Supplementary material S1). It is mainly forested area and surrounded
by residential areas. Due to the proximity to the residential areas, it is frequently visited for recreational purposes. It is highly
influenced by human activities. There are, for example, 101 wells for water supply and ~ 57 km of forest roads and paths with
ditches and culverts. The natural stream network has been modified, and many streams have small check dams or artificial

streambeds (Figure S1).
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Figure 1: Map of the study area (Zuriberg) indicating the sites where temporary streams were observed (either by citizen scientists
(CrowdWater), the expert (Expert), or both (i.e., the Combined dataset)) and the mapped geomorphic stream network (a), and time
series of the stream state based on the CrowdWater dataset for four exemplary sites for June to November 2022 (b). The total
number of citizen science observations for these sites is shown after the site name above each time series. The location of these sites
is indicated with a white X on the map. The four sites were chosen based on the number of observations per site (representing the
maximum, and the 75%, 50 (median), and 25" percentiles for the entire dataset) to represent the variety in the data obtained by
citizen scientists. A larger version of the map with the IDs of all stream sites and additional maps showing the topography and the
geology of the study area can be found in Supplementary material S1 (Figures S2 and S3). The background image for the map is
from OpenStreetMap contributors (2017).

Table 1: Description of the different datasets: all CrowdWater data, CrowdWater data collected during the period of expert data
collection (CrowdWatershort), all data collected by the expert, and both datasets combined.

CrowdWater Crowdwaterort Expert Combined
Period Sep 20 — Oct 23 Nov 22 — May 23 Nov 22 — May 23 Sep 20 — Oct 23
Number of sites (nodes) 55 55 59 88
Days with observations 402 48 24 419
Total number of stream 4,360 638 1,416 5,776

state observations

2.2. Data and data preparation
2.2.1 Temporary stream observations by citizen scientists

In the CrowdWater app, citizen scientists choose between six different stream states: dry streambed, damp/wet streambed,
isolated pools, standing water, trickling water, and flowing (Scheller et al., 2024). They also take a picture of the stream and
upload it together with the selected stream state class and gps location in the app. The observations are checked for obvious
mistakes (wrong placement on the map, comparison of the selected stream state and the picture, etc.) by members of the

CrowdWater team. Repeated observations for the same site lead to timeseries of the stream state for that site (Figure 1b). For
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the analyses, we merged the stream states into two classes: flowing (trickling and flowing) and not flowing (dry streambed,

damp/wet streambed, isolated pools, and standing).

We placed signs across Zuriberg to make people aware of the CrowdWater project and to inform them about temporary streams
in the area. Between September 2020 and November 2023, stream state observations were submitted for 63 sites across the
Zuriberg study area. A total of 127 citizen scientists submitted the observations. One citizen scientist contributed 62% of the

4,360 stream state observations used in this study, and another one 18% of the observations.

For the analyses, only the sites with at least two observations were used (55 sites). These sites were observed two to 235 times
during the three-year period (mean: 79 times, median: 64 times, see Table S1). The observations were irregularly distributed
over time (Figure 1b). There was at least one observation for 26% of the days during the study period (mean: 11; median: 10;
maximum: 36). The period for which there were no observations for any of the streams on Zuriberg varied between three hours
and 20 days (median: 2 days). For 67 days, there was more than one observation per day for at least one site. Only six times
did the stream state (flowing or not flowing) differ. This can be the case because the citizen scientists did not agree on the
stream state (or one of the citizen scientists made a mistake) or because the conditions had changed between the observations
(e.g., the stream started to flow in response to a rainfall event between the two observations or dried up due to
evapotranspiration). For these six cases, we used the observation that was made first (i.e., earliest during the day). For 2,294

of the 4,360 observations (53%) the stream state was flowing.

2.2.2 Temporary stream observations by an expert and the combined dataset

One person (Anja Fischer, hereafter named the expert) observed the stream state for 59 sites across Zuriberg on 24 days
between November 2022 and May 2023 (approximately weekly resolution). The expert surveyed all 59 sites on each survey
date. The sites were selected based on accessibility and suitability for additional measurements (e.g., discharge measurements,
data not used in this study), and to cover the variation in elevation, drainage area, and geology. For 26 of these 59 sites, there
are also citizen science data (Table 1). The expert used the same stream state classes as the citizen scientists, and these were
again merged into the flowing and not flowing categories. For 878 of the 1,416 (62%) observations in the Expert dataset, the
stream state was flowing. For comparison, 1498 of the 2545 observations by the citizen scientists for the 26 nodes that were

observed by both the expert and the citizen scientists, the stream state was flowing (57%).

We merged the CrowdWater and Expert datasets into a combined dataset (Combined). The stream state in the CrowdWater
and Expert dataset did not match six times (i.e., the same site was observed by the citizen scientist and expert on the same day,
but they selected a different stream state). Five times the flow state chosen by the citizen scientist was one class wetter than
what the expert had observed. Once it was once class drier. These six mismatches occurred only at three sites (one site with
three mismatches, one with two, and one with one). For these six mismatches the stream states of the CrowdWater dataset

were selected as they matched with the pictures in the CrowdWater app.
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2.2.3 Comparison of the distribution of sites observed by the citizen scientists and expert

We derived the stream network and calculated the drainage area, mean slope, and topographic wetness index (TWI) for each
of the observation sites (see Supplementary material S1, Table S1) based on the 2 m Digital Elevation Model (swissALTI3D)
from the Federal Office of Topography, using ArcMap (Spatial Analyst Tools) and the raster package (Hijmans, 2010) in R
Statistical Software (v4.4.1). The median drainage area was 0.03 km? (range: 0.23-10-0.70 km?) for the sites in the
CrowdWater dataset and 0.06 km? (range: 0.47-102-0.82 km?) for the sites in the Expert dataset. The distribution of the
drainage areas for the observation sites matched that of the entire stream network (Figure S5), suggesting that even though the
citizen scientists mainly assessed sites at road crossings, there was no spatial bias in the data in terms of the size of the streams

observed. The mean slope of the drainage areas ranged from 5-17 degrees for both datasets (Figure S5).

2.2.4 Climate data

Climate data were obtained from the MeteoSwiss meteorological station in Fluntern, located on Zuriberg, less than 2.5 km
from all sites in the study area. The daily precipitation for the September 2020 — October 2023 period varied between 0—
53 mm/d (mean: 3 mm/d; mean for days with precipitation: 6 mm/d). There was rainfall on almost half of the 1520 days of the
full study period (47%). The mean duration of the rain-free periods was 3.7 days (median: 2 days, maximum: 20 days). Snow
was observed for 91 days (6%). The mean snow depth for days with snow was 6 cm (maximum: 40 cm on January 15% 2021).
The longest period with snow was 12 days in January of 2021. For the other winters, snow cover lasted for only a few days
(maximum: 11) and the average snow depth was 3 cm. The mean PET for the study period calculated by MeteoSwiss according
to the empirical function of Primault (1962) (based on the relative humidity, sunshine duration and a seasonality factor) was

2 mm/d.

2.3. Hierarchical structure of stream wetting and drying
2.3.1 Development and application of the hierarchical structure

The hierarchical structure of channel network dynamics (cf. Botter and Durighetto, 2020) assumes that there is a fixed, unique
order according to which stream segments are rewetted during stream network expansion and that they dry up in the opposite
order. Note that the hierarchical structure assumes that the order in which sites start to flow and dry is fixed but that this does
not mean that the network expands and contracts in a continuous manner. In other words, it can account for the fact that the

drying of stream segments can lead to a discontinued stream network.

To derive the hierarchical order of the stream network, observation sites (called nodes) are ordered by their flow persistence,
rather than their physical space. This ordering is summarized by a directed graph, where nodes are connected by links from

the most to the least persistent sites based on the available data. For example, if node A was observed to be flowing and node
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B was not, there is a directed link from A to B in the graph and node A will precede node B in the hierarchy. Provided that
there are enough observations for all the nodes and the assumption of a fixed order is met, this results in a unique order for all
nodes, which can be visualized as a single chain. Some nodes may rewet and dry at the same time as other nodes. For these
nodes, the order cannot be derived, i.e., they can take several places in the hierarchy. The mathematical procedure to derive
the hierarchical structure of the nodes and to build the graph is described in detail by Botter and Durighetto (2020). The
uncertainty of the placement of a node in the hierarchy (d) is determined by the number of possible positions of a node in the
hierarchy that are consistent with the data (npositions) relative to the total number of positions (i.e., number of nodes 7nodes)-

5= Npositions (1)
Mnodes

Once the hierarchy graph is built, it can be used to reconstruct the stream state for the nodes that were not observed on a given
day by taking advantage of available observations for other nodes. If a node is observed to be flowing, all the previous nodes
in the graph (i.e., nodes with links towards the observed node) should be flowing as well because the graph links nodes from
the most to the least persistent. Similarly, if a node is observed to be not flowing, all the subsequent nodes (i.e., nodes with

links that point away from the observed node) should also be not flowing.

On most days, the stream state was observed for only a few sites and there are thus only data for a few nodes. As a result, the
distance between the observed nodes with a flowing and not flowing stream state in the hierarchy may be large. In these cases,
no stream state can be assigned for the nodes between the flowing and not-flowing nodes. This leads to uncertainty in the
fraction of flowing nodes. Therefore, for all further analyses, we used the median value for all the possible fractions of flowing

nodes to account for this uncertainty, which we refer to as the median fraction of flowing nodes.

Even though our study area comprises multiple streams draining the Zuriberg area in different directions, we assume that the
small size and small difference in elevation, (Figure S3) will cause the streams in the area to responds to similar driving forces
(i.e., input of precipitation) and to respond in a consistent manner, so that we can use a single hierarchical structure for all sites.
If instead we were to create a hierarchy for each individual catchment, it would consist at best of only a handful of nodes per
catchment. Thus, we used the stream sites as nodes for the directed graph and determined the hierarchical structure for the

most to least persistent stream sites for the Zuriberg study area (i.e., not per catchment).

In previous studies (e.g., Botter and Durighetto, 2020; Botter et al., 2021; Durighetto et al., 2023; Durighetto and Botter, 2022),
the nodes were associated with a certain stream length because the nodes were placed at strategic locations and were
representative for a certain stream segment. We could not determine the stream length associated with each node as the
selection of the sites was done by the citizen scientists. Thus, we focused on the fraction of flowing nodes, rather than the

fraction of stream length in the analyses based on the hierarchical network.
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2.3.2 Comparison and accuracy of the hierarchical structures

We determined the hierarchical structure for different datasets (Table 1): all CrowdWater data (CrowdWater), all CrowdWater
data for the period for which the Expert data were also available (CrowdWatersnor), all expert data (Expert), and a dataset that
combines the CrowdWater and Expert data (Combined). To assess how the hierarchical structures differ for the different

datasets, we compared the hierarchies for:
L the 26 overlapping nodes of the CrowdWater and Expert datasets (CrowdWater-Expert),

II.  the 26 overlapping nodes of the CrowdWater and Expert datasets for the overlapping period (CrowdWaterspor-
Expert), and

II.  the 55 overlapping nodes of the CrowdWater and the Combined dataset (CrowdWater-Combined).

The comparison of both the CrowdWater and CrowdWaterspo datasets with the Expert data (I and II) allowed us to separate
the effects of the different length of the datasets (and thus different hydrological conditions) from the effect of the differences

in the data (i.e., due to errors or inconsistencies in the CrowdWater data, as well as the irregularity of the CrowdWater data).

For each comparison, we visually compared the location of the nodes in the hierarchies to assess the agreement in the relative
positions of the nodes in the two hierarchies. We focus on a visual comparison of the ranks of the nodes (rather than a statistical
correlation) as not all nodes could be placed in the hierarchy with certainty. The possible positions of the nodes between the
datasets in each comparison should overlap if the hierarchies are similar (i.e., do not contradict each other). Therefore, we
ordered the nodes by the hierarchy for the CrowdWater (or CrowdWatersport) dataset using the toposort function in Matlab and
included the uncertainties of the placement of the nodes in the hierarchy for both datasets. We, furthermore, compared the
hierarchies by calculating the total distance according to Malmi et al. (2015). First, we calculated the transitive closure by
adding all indirect links that could be deduced by all available links. If for example, three nodes called A, B and C are ranked
in the hierarchy from the most to least persistent (A to B to C), the transitive closure means that A and C are also (indirectly)
connected and can be used to derive each other’s stream state. We then counted the number of links that were present in both
hierarchies but connected the nodes in opposite directions. We refer to this as the total distance between two hierarchies.

Finally, we calculated the relative distance by dividing the total distance by the total number of links present in both datasets.

In addition, we calculated the accuracy for each hierarchical structure. The accuracy A of the model is based on the number of
true positives (Nrp) and true negatives (NVr~), where true indicates that the node is flowing and false that the node is not flowing.
Thus, if the structure correctly predicts that a node is flowing, it is a true positive (TP) and if the structure correctly predicts

that a node is not flowing it is a true negative (TN):

_ Nrp+NTN
4 = Mrrim ©)

10
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where N represents the total number of observations. The nodewise accuracy is the accuracy for a specific node. The timewise
accuracy is the accuracy for each day. To interpret the nodewise accuracy for each node, we compared them to the nodewise

accuracies derived by a random model (cf., Botter et al. (2021); see Supplementary material S2).

2.4 Relation between the fraction of flowing nodes and cumulative effective precipitation

Previous studies related the fraction of flowing nodes to streamflow to obtain a daily estimate of the fraction of flowing nodes
(Durighetto et al., 2022b; Lapides et al., 2021). As the study area has several streams and none of them are gauged, we related
the fraction of flowing nodes for the days with observations to a measure of catchment wetness, namely the cumulative
effective precipitation Peg, 1, which is the sum of the difference between the daily precipitation (rainfall plus snowfall) and
potential evapotranspiration calculated over a period 7 (cf. Senatore et al., 2021). The precipitation and potential
evapotranspiration data were derived from the MeteoSwiss Fluntern station, located on the Zuriberg (see section 2.2.4). In
humid temperate regions such as the Zuriberg, actual evapotranspiration is typically close to potential evapotranspiration
because water availability is rarely limiting, allowing atmospheric demand (controlled by energy supply, wind, and humidity)
to be largely met. Thus, it is reasonable to use the operational PET data from MeteoSwiss to obtain a measure that describes
the temporal variation in catchment wetness. For the correlation, we excluded days for which the uncertainty of the fraction of
active nodes was >50%. This threshold was chosen to balance the need for a large number of datapoints and to not include
very uncertain data. We fitted the skew-normal distribution to the data, as calculated with the psn() function of the sn R package
(Azzalini, 2000) (Supplementary material S3) to determine the relation between the fraction of flowing nodes and the

cumulative effective precipitation. We chose a non-linear regression because the values should only range from zero to one.

We determined the relation between the fraction of flowing nodes and the cumulative effective precipitation for different
periods T, ranging from one to 50 days, and then selected the period for which the residual standard error of the fitted model
was the minimum (Figure S6). The optimal period T differed between summer and fall (here taken as June to November) and
the winter and spring months (December to May). The residual error was lowest for a 40-day period for the data collected
between June and November (0.137) and an 11-day period for the data collected between December and May (0.128) (Figure
S7). This difference may in part be caused by snow accumulation and melting (especially in 2021), or the difference between
PET and actual evaporation, but also due to the overall general wet conditions in winter and early spring which cause less
variability in the cumulative effective precipitation than for summer. For this reason, we use only the observations between
June and November (186 days with citizen science observations, including 144 for days for which the uncertainty was <50%)
for the final regression. We then used the fitted skew-normal distribution together with the time series of the cumulative
effective precipitation to predict the percentage of flowing nodes for each day between June and November. The time series
of the percentage of flowing nodes was then used together with the hierarchical structure to predict the daily time series for

each node. These predicted stream states for the summer and fall were compared to the observed stream states and those
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derived by the hierarchical structure for the full CrowdWater dataset to determine the accuracy of the predictions (as described

by Eq. (2)).

3 Results
3.1 Hierarchical structure for the CrowdWater and Expert datasets

The hierarchical structure of the observation sites (nodes) on Zuriberg differed for the different datasets. The hierarchy for the
Expert data appears overall clearer than for the CrowdWater data (Figure 2). The mean and median uncertainty of the
placement of the nodes were higher for the CrowdWater dataset than for the Expert dataset (Table 2). However, for the Expert
dataset, the uncertainty was >0.25 (meaning that the node could potentially occupy at least a quarter of all positions in the
hierarchical structure) for a third of the nodes (34%). For the CrowdWater dataset, this was the case for only 9 of the nodes
(16%). This suggests that there were fewer nodes in the CrowdWater dataset for which the placement in the hierarchy was
poorly constrained and that these nodes. Still the maximum uncertainty for the CrowdWater dataset was twice as large (0.62)

as for the Expert dataset (0.34). All of the nodes with a high uncertainty were observed less than 25 times (Figure S8).

Table 2: Summary statistics of the hierarchical structures for the different datasets: all CrowdWater data, CrowdWater data
collected during the period of the Expert data collection (CrowdWatersnort), all data collected by the expert (Expert), and both
datasets combined for the entire study period (Combined). The uncertainty of the placement of a node describes the uncertainty of
its placement in the hierarchy (Eq. (1)). The overall accuracy (A) describes the fraction of correctly predicted flow states (Eq. (2)),
while the nodewise and time wise accuracies describe the accuracy for a specific node and specific day, respectively. The uncertainty
of the fraction of flowing nodes per day is caused by the distance between the observed nodes with a flowing and not flowing state in
the hierarchy as no stream state can be assigned for the nodes in the hierarchy between these flowing and not-flowing nodes. The
median fraction of flowing nodes is the median value of all the possible fractions of flowing nodes that are compatible with the
reconstructed hierarchy and the available observations for a given day. For the number of nodes and observation days per dataset,
see Table 1.

CrowdWater  Crowdwatershort  Expert Combined
Uncertainty of the Min 0.05 0.24 0.02 0.01
placement of the Median  0.15 0.45 0.06 0.13
nodes in the Mean 0.17 0.53 0.14 0.14
hierarchy [-] Max 0.62 1 0.34 0.41
Overall accuracy 0.986 0.979 0.977 0.979
A[-]
Nodewise Min 0.92 0 0.70 0.74
accuracy [-] Median 1 1 1 1
Mean 0.99 0.97 0.98 0.98
Max 1 1 1 1
Timewise Min 0.88 0.89 0.93 0.87
accuracy [-] Median 1 1 1 1
Mean 0.99 0.98 0.98 0.99
Max 1 1 1 1
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Median fraction of Min 0.10 0.31 0.39 0.13
flowing nodes per = Median 0.53 0.54 0.64 0.56
observation day [- Mean 0.51 0.50 0.62 0.53
] Max 0.92 0.88 0.91 0.94
Uncertainty of Min 0.02 0.22 0 0
fraction of flowing Median  0.22 0.40 0.02 0.22
nodes per Mean 0.33 0.48 0.03 0.32
observation day [- Max 0.98 0.98 0.17 0.99
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Figure 2: Representation of the hierarchical structure of the nodes for the CrowdWater (a) and Expert (b) datasets. Only the direct
links between the nodes are shown in this representation (gray arrows). Nodes at the top of the figure will start to flow first. For the
Expert dataset, many of the streams were flowing for all observation dates during the six-month study period and are, therefore,
placed next to each other (b). The color of the nodes represents the flow persistence: blue shaded nodes have a more persistent flow
(i.e., were observed to flow more often) than red shaded nodes. Especially for the hierarchical structure for the CrowdWater data
(a), there are some nodes that have a different color than the surrounding nodes in the hierarchy because their position in the
hierarchy is uncertain (i.e., they are plotted at one of the possible positions that are consistent with the data but are colored according
to the observed flow persistence). For the order of the nodes’ IDs within each structure, see Table S2.

The order of the 26 nodes that the CrowdWater and Expert datasets have in common did not overlap completely for the two

hierarchies, even when considering the uncertainties (Figure 3a). For 6.4% of the links that the two hierarchies have in

common, the order differed (Table 3). However, if the same period is considered for both datasets, i.e., the CrowdWater

dataset is shortened, only one of the links (0.6%) is different and the positions of the nodes in the hierarchy overlap for all
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but two nodes (Figure 3b). The uncertainties of the position of the nodes in the hierarchy for the shortened CrowdWater
dataset are, however, high (Table 2).
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Figure 3: Comparison of the possible positions of the 26 overlapping nodes in the hierarchies for the CrowdWater dataset (blue) and
the Expert dataset (orange) for the full dataset (CrowdWater and Expert, a), for the period for which data are available for both
datasets (Nov 2022 to May 2023) (CrowdWatershort and Expert, b), and for the 55 overlapping nodes of the CrowdWater and
Combined dataset (c). The bars represent the range of positions that are consistent with the data for that node. In other words, a
larger bar represents a higher uncertainty of the position of the node in hierarchy. If the bars for the two datasets do not overlap,
the position of the nodes in the hierarchy differs for the two datasets. The nodes are ordered according to their location in the
directed graph of the CrowdWater dataset, with the nodes on the left side having more persistent flow and those on the right flowing
less often (i.e., lower in the hierarchy in Figure 2).

Table 3: Comparison of the links between the nodes of the hierarchies (i.e., the relative node order) for the different datasets. Only
the nodes that are part of both datasets are included in the comparisons. See Table 1 for an overview of the data included in each
dataset.

CrowdWater CrowdWatershort Combined
vs. Expert vs. Expert vs. CrowdWater
Number of contradicting links between 13 | 20

nodes (i.e., total distance)

Percentage of contradicting links

between nodes relative to the total 6.4 0.6 1.6
number of common links [%]

The overall accuracy A (Eq. (2)) was slightly higher for the CrowdWater dataset (0.986) than for the Expert dataset (0.977;
Table 2). For the CrowdWater dataset, the nodewise accuracies were high for all nodes (>0.92) (Figure 4, Table 2). For the
Expert dataset, the nodewise accuracy was <0.875 for three of the 59 nodes (i.e., the stream state was predicted wrong for

these nodes for three or more of the 24 observation days), with a minimum of. The lowest nodewise accuracy for the Expert
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dataset was 0.70 (Figure 4). For both datasets the nodewise accuracy was higher than for the random model (i.e., a random

assignment of flowing and not flowing states that is consistent with the persistence of the node, see Supplementary material
S2).

The mean timewise accuracy was very similar for the two datasets (Table 2). There was no seasonal pattern in the timewise
accuracy for either dataset. Contrary to the nodewise accuracy, the minimum timewise accuracy was better for the Expert

dataset than for the CrowdWater dataset.

For the CrowdWater dataset, the node- and timewise accuracies were not clearly influenced by the number of observations per
node or per observation day (Figure S9). This was not analyzed for the Expert dataset because all nodes were observed on the

same day and thus had the same number of observations.
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Figure 4: The nodewise accuracy for the hierarchical structure (dark green) and the random model (light green), as well as the
nodewise persistence based on the observations (grey) and the application of the hierarchical structure for all days with at least one
observation (black) for the CrowdWater dataset (a), the Expert dataset (b), and the Combined dataset (c). The nodes of each
hierarchy are ordered according to the order of the nodes in directed graph for each dataset (Figure 2), with those with the most
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persistent flow plotting furthest to the left. A list of the node IDs is provided in Table S2 for each dataset. For the map of the nodewise
persistence for the CrowdWater and Expert datasets, see Figure 5.

3.2 Fraction of flowing nodes and flow persistence based on the hierarchical structures

By applying the hierarchy for the CrowdWater dataset to the 402 dates with at least one observation, we obtained the flow
state for each node for every day with at least one observation (i.e., 14,695 inferred stream states (84-367 inferences per
node, median: 268), compared to the 4360 observations). Because the expert observed all sites on each observation day, the
number of the inferred stream states is the same as the number of observations (1,416, 24 per node). Based on these
inferences, we can determine the fraction of flowing nodes for each day with at least one observation and the flow

persistence for each node.

The nodes located further down the stream network (i.e., with a larger drainage area) had an overall higher flow persistence
than nodes located further upstream. This pattern was clear for the observations (Figure S4b) and the inferred flow states
(Figure 5). However, there were differences, particularly for the CrowdWater dataset (black and gray lines in Figure 4a).
Differences in the persistence for the observations and the inferred state can reflect a temporal bias in the data (e.g., a site

was mainly observed during dry or wet conditions) or problems with the hierarchical structure (i.c., a low accuracy).

CrowdWater Expert
a b
47.400 -
47.395 -
47.390 -
Persistence [-]

. 1.00

47.385 - 0.75

0.50

0.25

T T T T - T T T
8.55 8.56 8.57 8.58 0.00 8.56 8.57 8.58

Figure 5: Maps of the nodewise persistence (i.e., fraction of days with at least one observation for which the node was inferred to be
flowing based on the hierarchical model) for the CrowdWater (a) and Expert (b) datasets. For the map with the persistence
calculated for the actual observations, see Figure S4. The nodewise persistence derived by the observations and by the application
of the hierarchical structure are listed in Table S1 for the CrowdWater and Expert dataset.

The inferred fraction of flowing nodes per day (based on the median of the distance between the observed nodes with a flowing
and not flowing stream state in the hierarchy, see section 2.3.1) varied more for the CrowdWater dataset than for the Expert

dataset because the Expert dataset was collected during a shorter period in which the conditions did not vary as much as during
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the full study period. The lowest median fraction of flowing nodes for the CrowdWater dataset was 0.1 (i.e., only 10% of the
nodes were flowing according to the hierarchical structure). For comparison, it was 0.39 for the Expert dataset (Table 2). The
inferred fraction of flowing nodes for the CrowdWater dataset were lowest for September-November (Figure 6a). The
uncertainty in the inferred fraction of flowing nodes was smaller for the June to November period than the other months, except
for September (Figure 6b; Table 2). For 109 of the 402 days (27%) the uncertainty was >0.5. For all days with a high

uncertainty, fewer than ten nodes were observed (Figure 6c¢).
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Figure 6: Boxplots of the inferred fraction of flowing nodes for each day with at least one observation based on the median distance
between flowing and not flowing nodes in the hierarchy (a) and its uncertainty (b) for each month of the year based on the hierarchy
developed with the CrowdWater dataset for the entire study period (Sep 2020 — Nov 2023), as well as the relation between the
uncertainty of the inferred fraction of flowing nodes and the number of observations per day (dots), together with aa 1/x functional
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relationship (line) (c). A high uncertainty means that there are many nodes between the nodes in the hierarchy that were observed
to be flowing and not flowing for which the stream state cannot be determined. For the boxplots, the box represents the interquartile
range, and the thick horizontal line the median. The whiskers extend to 1.5 times of the interquartile range.

3.3 Hierarchical structure for the Combined dataset

Adding the Expert data to the CrowdWater data (Combined dataset) only slightly changed the position of the nodes in the
hierarchy (Figure 3c): for only 1.6% of the common links in the hierarchies for the CrowdWater and Combined datasets
differed (Table 3). However, adding Expert data decreased the uncertainties of the placement of the nodes for some of the
nodes that were observed by the expert (e.g., D09, Figure 3c). All three nodes with an accuracy <0.875 for the Combined
dataset were only observed by the expert and had a low accuracy for the hierarchical structure based on the Expert dataset as

well.

The overall accuracy of the hierarchy for the Combined dataset was in between the accuracy for the two individual datasets
(Table 2). The timewise accuracy for the Combined dataset was also similar and did not differ considerably between the period
for which expert observations were available (November 2022 — May 2023) and the remainder of the study period. The
uncertainty of the inferred fraction of active nodes, however, was much smaller for the period for which the expert data were
available (Figure S10). The median uncertainty of the inferred fraction of active nodes for the Combined dataset for the entire
study period was 0.22 (similar to the median uncertainty for the full period of the CrowdWater dataset) but only 0.07 for the
period during which the expert made observations (compared to 0.40 for the CrowdWaterso dataset) (Table 2).

3.4 Predicted daily stream states based on citizen science observations

The inferred fraction of flowing nodes per observation day for the hierarchy based on the CrowdWater dataset was best
correlated with the cumulative effective precipitation between June and November if it was calculated over a 40-day period
(Figure 7, residual standard error = 0.128). The number of observations per day did not noticeably influence the relation
between the cumulative effective precipitation and the fraction of flowing nodes (i.e., simulations for days with less than ten
observations did not tend to be further away from the fitted line than days with more observations; Figure 7). The fraction of
flowing nodes varied a lot when the cumulative effective precipitation was between 0 and 100 mm (Figure 7). As a result, the
fraction of flowing nodes is overestimated by the skew-normal distribution for October 2022 and underestimated for June 2021
(Figure 8b). In fall 2022 the stream network did not expand in response to the increased cumulative net precipitation, possibly
because groundwater levels were still low from the exceptionally dry and hot summer. The fraction of flowing nodes between
December and May (which were not included in the regression) has a clearly different temporal pattern and is overall higher

than for the months June to November (Figure 8b).
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Figure 7: Fraction of flowing nodes per observation day based on the hierarchical structure for the CrowdWater dataset between
June and November (yellow circles) plotted as a function of the cumulative effective precipitation calculated over a 40-day period
and the best fitted model (skew-normal distribution; blue line). The uncertainty of the inferred fraction of flowing nodes is indicated
by the yellow vertical lines. The size of the symbol represents the number of observations for that day.
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Figure 8: Timeseries of the cumulative effective precipitation over a 40-day period for an exemplary 1.5 year period (a), fraction of
flowing nodes based on the hierarchical structure for all days with at least one observation in the CrowdWater dataset and the
uncertainty based on the application of the hierarchy for the CrowdWater data (yellow symbols) and based on the regression with
the cumulative effective precipitation for the June—-November period (Figure 7; blue line) (b), as well as timewise accuracy of the
daily fraction of flowing nodes based on to the regression with the cumulative effective precipitation compared to the one derived
by the application of the hierarchical model (c). The period shown in Figure 9 is indicated with a light grey shading.

Based on the fraction of flowing nodes predicted by the regression between the fraction of flowing nodes and the cumulative
effective precipitation between June and November and the application of the hierarchical structure for the CrowdWater
dataset, we could obtain daily predictions of the flow state and fill the gaps in the dataset (all cells marked light orange and
light blue in Figure 9). This increased the number of stream states from 6,669 inferenced flow states to 35,569 predicted flow
states for the periods between June and November. Although there were some mismatches (dark cells in Figure 9), the overall
and nodewise accuracies for the predicted flow states were good (Table 4). However, the timewise accuracy was low for some
periods (i.e., for June 2021 and October 2022), in particular for those periods for which the cumulative effective precipitation
varied between 80 and 100 mm (Figure 8c). These mismatches compared to the observations are not caused by the hierarchical

structure but due to the uncertainty in the relation between the fraction of flowing nodes and the climate data (Figure 7). There
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was no clear effect of the number of observations on the timewise accuracies (Figure S11), nor the nodewise accuracy (Figure

10).

Table 4: Overall-, nodewise-, and timewise accuracies for the application of the hierarchical structure together with the correlation
between the cumulative effective precipitation and the fraction of flowing nodes when compared to the actual observations and when
compared to the application of the hierarchical structure with the observed data. The comparison with the observations includes
errors due to both the placement of the nodes in the hierarchical structure and the regression, while the comparison with the outcome

of the hierarchical structure only reflects the errors due to the application of the regression.

prediction vs. observations prediction vs. inference from hierarchical structure
Overall Nodewise accuracy ~ Timewise accuracy | Overall Nodewise accuracy  Timewise accuracy
accuracy accuracy
0.928 Min: 0.500 Min: 0.000 0.958 Min: 0.808 Min: 0.571
Mean: 0.944 Mean: 0.924 Mean: 0.955 Mean: 0.963
Median: 1.000 Median: 1.000 Median: 0.985 Median: 1.000
Max: 1.000 Max: 1.000 Max: 1.000 Max: 1.000
Observed Simulated
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Figure 9: Matrix showing the daily stream state for each node (x axis) based on the regression between the 40-day cumulative
effective precipitation and the fraction of flowing nodes and the application of the hierarchical structure for (colored cells) and the
fraction of flowing nodes (black line). Observations are represented by a dark color. Mismatches between the observations and
predictions are shown in a brighter color (false negatives in red and false positives in dark blue). For the cells marked in a light color
the stream state was predicted to be not flowing or flowing, but there is no observation (i.e., the model provided new information).
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Due to uncertainty in the order of the nodes in the hierarchy, the stream state could not be determined for all nodes on all days
(shown in white). The period shown here is highlighted in light grey in Figure 8.
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Figure 10: Maps of the nodewise accuracy of the predicted daily stream state based on the regression between the 40-day cumulative
effective precipitation and the fraction of flowing nodes and the application of the hierarchical structure developed for the full
CrowdWater dataset when the stream states are compared to the observations (a) and to the stream states inferred from the
application of the hierarchical structure developed for the full CrowdWater dataset (b). Here, the June to November periods from
September 2020 to November 2023 are considered.

4 Discussion
4.1 How well can the hierarchical structure of stream wetting and drying be derived from citizen science data?

The hierarchical structure could be derived from the temporary stream observations made by the citizen scientists
(CrowdWater), even though not all sites were observed on each day and there may be inconsistencies in the data because not
all citizen scientists interpret stream states similarly (Scheller et al., 2024). The latter is especially an issue when there are
pools of standing water, but when the six stream states in the CrowdWater app are regrouped to flowing and not-flowing on
average 92% of the people surveyed by Scheller et al. (2024) agreed on the stream state. Thus, the percentage of wrongly
classified streams may be relatively small. This is highlighted by the relatively small number of inconsistencies in the data
when multiple observations (by different citizen scientists) were made for the same site on one day and between the data

collected by the expert and citizen scientists for the same site on the same day.

The overall accuracy was higher for the hierarchical structure based on the CrowdWater dataset was within the range of
accuracies reported in other studies (0.94-1; Botter et al., 2021; Durighetto et al., 2023). The accuracy for the hierarchy based
on the CrowdWater dataset might have been higher than the one based on Expert data because it had a higher uncertainty. The
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nodewise accuracy of the hierarchy derived from the citizen science data was high and the median uncertainty in the placement
of the nodes in the hierarchy was similar to that for the hierarchical structure based on the regular data collected by an expert.
Furthermore, the hierarchies derived for citizen science and expert data were similar when using only the data for the same
nodes and the same period. However, the precision of the placement of some nodes in the hierarchy was rather low, especially
for nodes that had been observed fewer than 25 times (Figure S8). Therefore, we conclude that despite potentially larger errors
and being irregular in space and time, citizen science data can be used to derive the hierarchical structure of stream wetting
and drying. It is, however, useful to observe sites at least 25 times. Peterson et al. (2024) recommended at least 10 weekly
observations by citizen scientists during the summer months to determine the flow duration curve based on a random forest

model for a much larger for a study area in northern Colorado, USA.

The determination of the fraction of flowing nodes was most uncertain for the days with fewer than ten observations (Figure
6¢), the December to May period, and September. This pattern is at least in part caused by the variation in the number of
observations throughout the year: there were more days with less than ten (but at least one) observations for the December to
May period (16%) than for the June to November period (9%). The finding that the number of observations per day has only
a small impact on the determination of the fraction of flowing nodes is especially good news when one works with citizen

science data because these are generally spotty in nature.

The results of this study can be used to provide feedback to citizen scientists. The nodewise accuracy and uncertainty in the
placement of the nodes in the hierarchy can be used to provide guidance to the citizen scientists on what sites are of particular
interest and useful to observe. Similarly, the timewise accuracy provides information on when to make observations. The
results suggest that it is useful to observe the flow state for at least ten sites per day (Figure 6) to reduce the uncertainty in the
determination of the fraction of flowing nodes and that ideally each site is observed more than 25 times to reduce the
uncertainty in the placement of the node in the hierarchy (Figure S8). Furthermore, guidelines on when to go out and observe
streams can be given, e.g., to determine the order of nodes that were always flowing or not-flowing until that point or to
improve the relation between the fraction of nodes that are flowing and a climatic variable that describes the catchment wetness.

The outcomes of such feedback would need to be studied in another study.

Whether the results would be similar for much smaller citizen science datasets or data collected in other regions still needs to
be determined. The citizen science dataset used in this study is comparable to the datasets obtained by experts in other studies
in terms of the number of observations and area covered. Botter et al. (2021) applied the hierarchy to 19 different study sites
covering areas between 0.12 and 920 km? (median: 0.37 km?; this study: 4 km?). The number of sites is at the lower end for
the CrowdWater dataset but still in the range of Botter et al. (2021) (40-2218 sites, median: 489 sites; this study: 55 sites).
The number of observation days (402 days) was much larger for this study (Botter et al. (2021): 7-78 days; median: 7 days).
The datasets used by Botter et al. (2021) and Durighetto et al. (2023) were collected in catchments that were not heavily
impacted by human disturbances. This study was conducted in a small but heavily impacted area, with in most cases only a

few sites per stream. One reason why the method could be applied to this citizen science dataset is that the study area is small
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and relatively uniform in terms of climate and that streams thus respond to the same rainfall events. The area furthermore has
a similar landcover and geology. However, Botter et al. (2021) showed for Expert data that the method can also successfully

be applied for large, heterogeneous catchments.

4.2 Do additional stream state observations by an expert improve the hierarchical structure obtained from citizen
science data?

Adding the expert observations to the CrowdWater dataset did not change the hierarchy considerably, in part because the
CrowdWater data already led to a good hierarchical structure. Furthermore, the CrowdWater dataset had three times as many
observations than the Expert dataset, so that the influence of the Expert dataset was relatively small. However, the most likely
reason is the similarity between the two datasets. The fact that only a few observations made for the same site on the same day
differed suggests that both datasets are of similar quality. The uncertainty of the placement of the nodes in the hierarchy
improved mainly for the nodes that were part of both datasets. This suggests that additional observations by the Expert (or
another citizen scientist) for these nodes improved the placement of these nodes in the hierarchy. However, this was only the

case if there are fewer than 25 observations for that node (Figure S8).

Surprisingly, the overall and nodewise accuracy decreased slightly when adding the Expert data due to the inclusion of some
nodes for which the nodewise accuracy based on the Expert dataset was low. It is possible that these sites were chosen by the
expert because of their special location or response (e.g., they were observed to be flowing when neighboring streams were
dry or vice versa). If these sites respond differently to precipitation and dry periods than other sites (e.g., the drying and wetting
is not driven by the catchment wetness conditions but by water abstractions), then their location in the hierarchy may change
over time and their nodewise accuracy will be low (i.e., they violate the assumption of a fixed hierarchy of wetting and drying).
Alternatively, it may be caused by the additional nodes in the dataset and rearrangement of the hierarchical order based on

data that only covered part of the study period and wetness conditions.

The timewise accuracies, the fraction of active nodes, and the uncertainty in the fraction of flowing nodes did not change much
after the addition of the Expert data. The uncertainty in the fraction of flowing nodes improved when only considering the
overlapping period. Thus, to summarize, the overall effect of adding the Expert data was limited. We therefore recommend
that experts focus on observing sites for which there are few observations and the placement in the hierarchy is uncertain.
Alternatively, the expert or citizen science project leaders could ask the citizen scientists to observe these sites more frequently.
The expert could also focus on observing sites that are harder to reach or are located away from roads and hiking paths to avoid
some of the spatial biases in citizen science data and obtain a better spatial coverage of sites across the study area. When
combined with the citizen science data for the other sites, the hierarchy can then provide information for these difficult to reach

places at different points in time.
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The experts could of course also focus on data collection for under-observed periods and conditions. Although this was not a
problem for this study because of the large number of days with citizen science data and the overall short periods without any
observations. Such additional observations may not only reduce temporal biases in the data but also improve the position of
the nodes in the hierarchical structure that were either always flowing or never flowing. Potentially, it can also improve the
correlation between the measure used to describe the catchment wetness (here the cumulative effective precipitation) and the

fraction of flowing nodes, and thus the accuracy of the predictions.

4.3 Can the hierarchical structure be used together with climate data to fill the gaps in the citizen science data, and
thus improve the spatial and temporal resolution of these data?

By applying the hierarchical structure to the observations (for all days with at least one observation), we can obtain information
for stream nodes for the days that they were not observed. The results show that the accuracy of this gap filling is high (Table
2). In other words, we can use the hierarchical structure to fill data gaps for stream sites based on observations for other sites
(spatial gap filling). In our case, this increased the flow state information more than three times (from 4,360 stream state

observations on 402 days to 14,695 inferred stream states for the same 402 days).

The correlation with climate data allowed us to predict the stream state for each site for each day, leading to 35,569 predicted
stream states (791 daily stream state predictions for 55 sites minus the 7,936 dates and nodes for which no predictions could
be made due to uncertainties in the hierarchy, shown in white in Figure 9). However, the correlation with the climate data has
its limitations as there was a large variability in the fraction of flowing nodes for certain values of the cumulative effective
precipitation (Figure 7) and because the correlation was poorer for the winter months (Figure S7). We did not have any other
data, such as discharge, soil moisture, or groundwater levels (cf. Durighetto and Botter, 2022; Durighetto et al., 2022a;
Durighetto et al., 2022b) but expect these measurements to provide a better measure of catchment wetness and to be better
correlated to the fraction of flowing stream nodes. The cumulative effective precipitation is not a perfect predictor of
streamflow or wetness conditions due to for example time lags or hysteresis in the relation between this measure and
groundwater levels. Furthermore, it doesn’t account for seasonal differences in interception losses and snow melt during some
days in winter. In addition, the study area is characterized by many artificial alterations of the stream network and water
abstractions that may influence the relation between cumulative effective precipitation and groundwater levels or streamflow.
However, the goal of the analysis was not to find the best model or prediction for the study area, but rather how the correlation
between the fraction of flowing nodes and an index that describes catchment wetness conditions can be used together with the
hierarchical structure to predict the flow state across the study area. Thus, it is encouraging to see that the number of
observations per day had no influence on the correlation and that it was possible to obtain daily predictions of the stream state.
Even if the predicted stream state is wrong for some days, the fraction of time that a node had flowing water based on these

predictions will be less influenced by the number of observations and the temporal bias in the citizen science data. Indeed, the
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predicted fraction of time that a site was flowing differed from that calculated based on the observations for sites that were

observed only a few times (Figure S12).

We could not obtain daily predictions of the fraction of flowing nodes for the entire year as the selected climate variables were
not strongly correlated to the fraction of flowing nodes for the winter months. This could be related to the overall fewer number
of observations during these months and subsequently larger number of days for which the uncertainty in the fraction of active
nodes was >50% (which were excluded from the correlation analysis). Another reason is that the study area was overall much
wetter during this period, so that not only the fraction of flowing nodes but also the variables describing the catchment wetness
conditions varied less (decreasing the signal to noise ratio). Furthermore, snow accumulation and melt may have affected the
streamflow dynamics in a spatially variable way for some days, causing the nodes to respond in a different order than during
rainfall events (e.g., factors like aspect and shade may have been more important than during the other months). Finally, it is
possible that the PET method, originally based on an empirical relation for grasslands, is not the most appropriate one to use
for a forested catchment. Thus, although, we only used the correlation with the effective precipitation for the summer months
to highlight the usefulness of the hierarchical structure together with climate data for continuous predictions of the flow state,
it will be interesting to test the use of other wetness indices to predict the fraction of flowing nodes (e.g., water balance models

that also include snow melt, canopy interception losses, etc., or streamflow or groundwater data).

5 Conclusions

In this study, we derived the hierarchical order of stream wetting and drying for a small, forested area based on observations
by citizen scientists. We show that the hierarchical structure was similar to the one based on regular surveys by an expert,
although the order of the sites (i.e., the placement of the nodes in the hierarchy) was more uncertain for the irregular citizen
science dataset. Combining the citizen science and Expert datasets did not change the hierarchical structure much: it led to a
lower accuracy for a few sites but an overall higher certainty in the fraction of flowing streams for the period for which both

datasets were available.

Based on the hierarchy, we could fill gaps in the citizen science data and address the temporal bias in the citizen science
dataset. By applying the hierarchical structure and filling data gaps for days with at least one observation, we obtained 14,695
inferred stream states from the initial 4,360 citizen science observations. Using the correlation between the fraction of sites
with flowing water and the cumulative effective precipitation, we obtained daily predictions of the stream state for all 55 sites
(35,569 predictions). This reduces the gaps in the time series for each site and can be useful to obtain more representative
information on how often and when each site has flowing water. This reduces the temporal bias in the observations, especially

for sites that are observed infrequently.
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Information on the accuracy and uncertainties of the placements of the nodes in the hierarchy could, in the future, be used to
identify the stream sites for which additional observations are particularly useful. They can also be used to give feedback and
guidelines to citizen scientists (e.g., to observe at least ten sites per day, and to observe each site at least 25 times) and thus to

ensure that citizen scientists collect the most useful data possible.
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Code and data availability

All CrowdWater citizen science data are available from https://crowdwater.ch/en/data/. The temporary stream data of the
citizen scientists (CrowdWater) and the Expert data used in this study will be uploaded to Zenodo [note to reviewers, we will
include the link here at the time of publication]. The climate and topographic data are available from MeteoSwiss and
SwissTopo respectively (see reference in the text). The code to determine the hierarchical structure is described in Durighetto
et al. (2023).

References

Agren, A., Lidberg, W., and Ring, E.: Mapping Temporal Dynamics in a Forest Stream Network—Implications for Riparian
Forest Management, Forests, 6, 2982-3001, https://doi.org/10.3390/f6092982, 2015.

Allen, D. C., Kopp, D. A., Costigan, K. H., Datry, T., Hugueny, B., Turner, D. S., Bodner, G. S., and Flood, T. J.: Citizen
scientists document long-term streamflow declines in intermittent rivers of the desert southwest, USA, Freshwater
Science, 38, 244-256, https://doi.org/10.1086/701483, 2019.

Armstrong, A., Stedman, R. C., Bishop, J. A., and Sullivan, P. J.: What's a stream without water? Disproportionality in
headwater regions impacting water quality, Environmental management, 50, 849-860, https://doi.org/10.1007/s00267-
012-9928-0, 2012.

Assendelft, R. S. and van Meerveld, H. J. I.: A Low-Cost, Multi-Sensor System to Monitor Temporary Stream Dynamics in
Mountainous Headwater Catchments, Sensors (Basel, Switzerland), 19, https://doi.org/10.3390/s19214645, 2019.

Azzalini, A.: CRAN: Contributed Packages, 2000.

Beaufort, A., Carreau, J., and Sauquet, E.: A classification approach to reconstruct local daily drying dynamics at headwater
streams, Hydrological Processes, 33, 1896—1912, https://doi.org/10.1002/hyp.13445, 2019.

Benstead, J. P. and Leigh, D. S.: An expanded role for river networks, Nature Geosci, 5, 678-679,
https://doi.org/10.1038/ngeo1593, 2012.

Bhamyjee, R., Lindsay, J. B., and Cockburn, J.: Monitoring ephemeral headwater streams: a paired-sensor approach,
Hydrological Processes, 30, 888—898, https://doi.org/10.1002/hyp.10677, 2016.

Bonada, N., Cafiedo-Argiielles, M., Gallart, F., Schiller, D. von, Fortufio, P., Latron, J., Llorens, P., Murria, C., Soria, M.,
Vinyoles, D., and Cid, N.: Conservation and Management of Isolated Pools in Temporary Rivers, Water, 12, 2870,
https://doi.org/10.3390/w12102870, 2020.

Botter, G. and Durighetto, N.: The Stream Length Duration Curve: A Tool for Characterizing the Time Variability of the
Flowing Stream Length, Water resources research, 56, e2020WR027282, https://doi.org/10.1029/2020WR 027282, 2020.

Botter, G., Barone, F., and Durighetto, N.: Headwater streams control the non-perennial fraction of the global river network,
Nature water, 4, 25-35, https://doi.org/10.1038/s44221-025-00549-x, 2026.

Botter, G., Cenzon, A., and Durighetto, N.: How Do Channel Network Expansions and Retractions Affect the Shape of
Hillslope Flowpath Length Distributions?, Water resources research, 61, https://doi.org/10.1029/2024WR039509, 2025.

Botter, G., Vingiani, F., Senatore, A., Jensen, C., Weiler, M., McGuire, K., Mendicino, G., and Durighetto, N.: Hierarchical
climate-driven dynamics of the active channel length in temporary streams, Scientific reports, 11, 21503,
https://doi.org/10.1038/s41598-021-00922-2, 2021.

Bujak-Ozga, L., Freyberg, J. von, Zimmer, M., Rinaldo, A., Benettin, P., and van Meerveld, I.: Changes in flowing drainage
network and stream chemistry during rainfall events for two pre-Alpine catchments, 2024.

Bujak-Ozga, 1., van Meerveld, H. J., Rinaldo, A., and Freyberg, J. von: Short-term dynamics of drainage density based on a
combination of channel flow state surveys and water level measurements, Hydrological Processes, 37,
https://doi.org/10.1002/hyp.15041, 2023.

Cottet, M., Robert, A., Tronchére-Cottet, H., and Datry, T.: “It's dry, it has fewer charms!”’: Do perceptions and values of
intermittent rivers interact with their management?, Environmental Science & Policy, 139, 139-148,
https://doi.org/10.1016/j.envsci.2022.10.003, 2023.

28



690

695

700

705

710

715

720

725

730

735

https://doi.org/10.5194/egusphere-2026-4479
Preprint. Discussion started: 24 August 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

Dhungel, S., Tarboton, D. G., Jin, J., and Hawkins, C. P.: Potential Effects of Climate Change on Ecologically Relevant
Streamflow Regimes, River Research and Applications, 32, 1827—1840, https://doi.org/10.1002/rra.3029, 2016.

Durighetto, N. and Botter, G.: On the Relation Between Active Network Length and Catchment Discharge, Geophysical
research letters, 49, €2022GL099500, https://doi.org/10.1029/2022GL099500, 2022.

Durighetto, N., Noto, S., Tauro, F., Grimaldi, S., and Botter, G.: Integrating spatially-and temporally-heterogeneous data on
river network dynamics using graph theory, iScience, 26, 107417, https://doi.org/10.1016/].is¢i.2023.107417, 2023.

Durighetto, N., Bertassello, L. E., and Botter, G.: Eco-hydrological modelling of channel network dynamics-part 1:
stochastic simulation of active stream expansion and retraction, Royal Society open science, 9, 220944,
https://doi.org/10.1098/rs0s.220944, 2022a.

Durighetto, N., Mariotto, V., Zanetti, F., McGuire, K. J., Mendicino, G., Senatore, A., and Botter, G.: Probabilistic
Description of Streamflow and Active Length Regimes in Rivers, Water resources research, 58, e2021WR031344,
https://doi.org/10.1029/2021WR031344, 2022b.

Etter, S., Strobl, B., van Meerveld, I., and Seibert, J.: Quality and timing of crowd-based water level class observations,
Hydrological Processes, 34, 43654378, https://doi.org/10.1002/hyp.13864, 2020.

Fortesa, J., Ricci, G. F., Garcia-Comendador, J., Gentile, F., Estrany, J., Sauquet, E., Datry, T., and Girolamo, A. M. de:
Analysing hydrological and sediment transport regime in two Mediterranean intermittent rivers, CATENA, 196, 104865,
https://doi.org/10.1016/j.catena.2020.104865, 2021.

Geldmann, J., Heilmann-Clausen, J., Holm, T. E., Levinsky, 1., Markussen, B., Olsen, K., Rahbek, C., and Tettrup, A. P.:
What determines spatial bias in citizen science? Exploring four recording schemes with different proficiency
requirements, Diversity and Distributions, 22, 1139—-1149, https://doi.org/10.1111/ddi.12477, 2016.

Godsey, S. E. and Kirchner, J. W.: Dynamic, discontinuous stream networks: hydrologically driven variations in active
drainage density, flowing channels and stream order, Hydrological Processes, 28, 5791-5803,
https://doi.org/10.1002/hyp.10310, 2014.

Gonzalez-Ferreras, A. M. and Barquin, J.: Mapping the temporary and perennial character of whole river networks, Water
resources research, 53, 6709—-6724, https://doi.org/10.1002/2017WR020390, 2017.

Goodrich, D. C., Kepner, W. G., Levick, L. R., and Wigington, P. J.: Southwestern Intermittent and Ephemeral Stream
Connectivity, JAWRA Journal of the American Water Resources Association, 54, 400—422,
https://doi.org/10.1111/1752-1688.12636, 2018.

Goulsbra, C., Evans, M., and Lindsay, J.: Temporary streams in a peatland catchment: pattern, timing, and controls on
stream network expansion and contraction, Earth Surf Processes Landf, 39, 790-803, https://doi.org/10.1002/esp.3533,
2014.

Hammond, J. C., Zimmer, M., Shanafield, M., Kaiser, K., Godsey, S. E., Mims, M. C., Zipper, S. C., Burrows, R. M.,
Kampf, S. K., Dodds, W., Jones, C. N., Krabbenhoft, C. A., Boersma, K. S., Datry, T., Olden, J. D., Allen, G. H., Price,
A. N., Costigan, K., Hale, R., Ward, A. S., and Allen, D. C.: Spatial Patterns and Drivers of Nonperennial Flow Regimes
in the Contiguous United States, Geophysical research letters, 48, https://doi.org/10.1029/2020GL090794, 2021.

Hijmans, R. J.: CRAN: Contributed Packages, 2010.

Jaeger, K. L. and Olden, J. D.: Electrical resistance sensor arrays as a means to quantify longitudinal connectivity of rivers,
River Research and Applications, 28, 18431852, https://doi.org/10.1002/rra.1554, 2012.

Jaeger, K. L., Sando, R., McShane, R. R., Dunham, J. B., Hockman-Wert, D. P., Kaiser, K. E., Hafen, K., Risley, J. C., and
Blasch, K. W.: Probability of Streamflow Permanence Model (PROSPER): A spatially continuous model of annual
streamflow permanence throughout the Pacific Northwest, Journal of Hydrology X, 2, 100005,
https://doi.org/10.1016/j.hydroa.2018.100005, 2019.

Jaeger, K. L., Sando, R., Dunn, S. B., and Gendaszek, A. S.: Predicting probabilities of late summer surface flow presence in
a glaciated mountainous headwater region, Hydrological Processes, 37, https://doi.org/10.1002/hyp.14813, 2023.

Jaeger, K. L., Burnett, J., Heaston, E. D., Wondzell, S. M., Chelgren, N., Dunham, J. B., Johnson, S., and Brown, M., Open-
File Report, US Geological Survey, https://doi.org/10.3133/0fr20201075, 2020.

Jensen, C. K., McGuire, K. J., McLaughlin, D. L., and Scott, D. T.: Quantifying spatiotemporal variation in headwater
stream length using flow intermittency sensors, Environmental monitoring and assessment, 191, 226,
https://doi.org/10.1007/s10661-019-7373-8, 2019.

29



740

745

750

755

760

765

770

775

780

785

https://doi.org/10.5194/egusphere-2026-4479
Preprint. Discussion started: 24 August 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

Jensen, C. K., McGuire, K. J., and Prince, P. S.: Headwater stream length dynamics across four physiographic provinces of
the A ppalachian H ighlands, Hydrological Processes, 31, 3350-3363, https://doi.org/10.1002/hyp.11259, 2017.

Kaplan, N. H., Blume, T., and Weiler, M.: Event controls on intermittent streamflow in a temperate climate, Hydrology and
Earth System Sciences, 26, 2671-2696, https://doi.org/10.5194/hess-26-2671-2022, 2022.

Kaplan, N. H., Sohrt, E., Blume, T., and Weiler, M.: Monitoring ephemeral, intermittent and perennial streamflow: a dataset
from 182 sites in the Attert catchment, Luxembourg, Earth Syst. Sci. Data, 11, 1363—1374, https://doi.org/10.5194/essd-
11-1363-2019, 2019.

Krabbenhoft, C. A., Allen, G. H., Lin, P., Godsey, S. E., Allen, D. C., Burrows, R. M., DelVecchia, A. G., Fritz, K. M.,
Shanafield, M., Burgin, A. J., Zimmer, M. A., Datry, T., Dodds, W. K., Jones, C. N., Mims, M. C., Franklin, C.,
Hammond, J. C., Zipper, S., Ward, A. S., Costigan, K. H., Beck, H. E., and Olden, J. D.: Assessing placement bias of the
global river gauge network, Nature sustainability, 5, 586592, https://doi.org/10.1038/s41893-022-00873-0, 2022.

Lapides, D. A., Leclerc, C. D., Moidu, H., Dralle, D. N., and Hahm, W. J.: Variability of stream extents controlled by flow
regime and network hydraulic scaling, Hydrological Processes, 35, https://doi.org/10.1002/hyp.14079, 2021.

Larned, S., Datry, T., Arscott, D., and Tockner, K.: Emerging concepts in temporary-river ecology, Freshwater Biology, 55,
717-738, https://doi.org/10.1111/j.1365-2427.2009.02322 x, 2010.

Mair, L. and Ruete, A.: Explaining Spatial Variation in the Recording Effort of Citizen Science Data across Multiple Taxa,
PloS one, 11, 0147796, https://doi.org/10.1371/journal.pone.0147796, 2016.

Malmi, E., Tatti, N., and Gionis, A.: Beyond rankings: comparing directed acyclic graphs, Data Mining and Knowledge
Discovery, 29, 1233—-1257, https://doi.org/10.1007/s10618-015-0406-1, 2015.

Messager, M. L., Lehner, B., Cockburn, C., Lamouroux, N., Pella, H., Snelder, T., Tockner, K., Trautmann, T., Watt, C., and
Datry, T.: Global prevalence of non-perennial rivers and streams, Nature, 594, 391-397, https://doi.org/10.1038/s41586-
021-03565-5, 2021.

Moidu, H., Obedzinski, M., Carlson, S. M., and Grantham, T. E.: Spatial Patterns and Sensitivity of Intermittent Stream
Drying to Climate Variability, Water resources research, 57, https://doi.org/10.1029/2021WR0303 14, 2021.

Njue, N., Stenfert Kroese, J., Grif, J., Jacobs, S. R., Weeser, B., Breuer, L., and Rufino, M. C.: Citizen science in
hydrological monitoring and ecosystem services management: State of the art and future prospects, The Science of the
total environment, 693, 133531, https://doi.org/10.1016/].scitotenv.2019.07.337, 2019.

Noto, S., Durighetto, N., Tauro, F., Grimaldi, S., and Botter, G.: Characterizing Space-Time Channel Network Dynamics in
a Mediterranean Intermittent Catchment of Central Italy Combining Visual Surveys and Cameras, Water resources
research, 60, https://doi.org/10.1029/2023WR034682, 2024.

OpenStreetMap contributors: Planet dump retrieved from https://planet.osm.org, 2017.

Paillex, A., Siebers, A. R., Ebi, C., Mesman, J., and Robinson, C. T.: High stream intermittency in an alpine fluvial network:
Val Roseg, Switzerland, Limnology & Oceanography, 65, 557-568, https://doi.org/10.1002/Ino.11324, 2020.

Peterson, D. A., Kampf, S. K., Puntenney-Desmond, K. C., Fairchild, M. P., Zipper, S., Hammond, J. C., Ross, M. R. V.,
and Sears, M. G.: Predicting Streamflow Duration From Crowd-Sourced Flow Observations, Water resources research,
60, https://doi.org/10.1029/2023WR035093, 2024.

Price, A. N., Jones, C. N., Hammond, J. C., Zimmer, M. A., and Zipper, S. C.: The Drying Regimes of Non-Perennial Rivers
and Streams, Geophysical research letters, 48, https://doi.org/10.1029/2021GL093298, 2021.

Primault, B.: Du calcul de I'évapotranspiration, Arch. Met. Geoph. Biokl. B., 12, 124-150,
https://doi.org/10.1007/BF02317957, 1962.

Sanchez-Montoya, M. M., Schiller, D. von, Barberd, G. G., Diaz, A. M., Arce, M. 1., Del Campo, R., and Tockner, K.:
Understanding the effects of predictability, duration, and spatial pattern of drying on benthic invertebrate assemblages in
two contrasting intermittent streams, PloS one, 13, €0193933, https://doi.org/10.1371/journal.pone.0193933, 2018.

Sauquet, E., Beaufort, A., Sarremejane, R., and Thirel, G.: Predicting flow intermittence in France under climate change,
Hydrological Sciences Journal, 66, 2046-2059, https://doi.org/10.1080/02626667.2021.1963444, 2021.

Scheller, M., van Meerveld, 1., and Seibert, J.: How well can people observe the flow state of temporary streams?, Frontiers
in Environmental Science, 12, https://doi.org/10.3389/fenvs.2024.1352697, 2024.

Sefton, C. E. M., Parry, S., England, J., and Angell, G.: Visualising and quantifying the variability of hydrological state in
intermittent rivers, fal, 193, 21-38, https://doi.org/10.1127/fal/2019/1149, 2019.

30



790

795

800

805

810

815

https://doi.org/10.5194/egusphere-2026-4479
Preprint. Discussion started: 24 August 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

Senatore, A., Micieli, M., Liotti, A., Durighetto, N., Mendicino, G., and Botter, G.: Monitoring and Modeling Drainage
Network Contraction and Dry Down in Mediterranean Headwater Catchments, Water resources research, 57,
€2020WRO028741, https://doi.org/10.1029/2020WR028741, 2021.

Snelder, T. H., Datry, T., Lamouroux, N., Larned, S. T., Sauquet, E., Pella, H., and Catalogne, C.: Regionalization of
patterns of flow intermittence from gauging station records, Hydrology and Earth System Sciences, 17, 2685-2699,
https://doi.org/10.5194/hess-17-2685-2013, 2013.

Steward, A. L., Datry, T., and Langhans, S. D.: The terrestrial and semi-aquatic invertebrates of intermittent rivers and
ephemeral streams, Biological reviews of the Cambridge Philosophical Society, 97, 1408—1425,
https://doi.org/10.1111/brv.12848, 2022.

Stubbington, R., England, J., Wood, P. J., and Sefton, C. E.: Temporary streams in temperate zones: recognizing, monitoring
and restoring transitional aquatic-terrestrial ecosystems, WIREs Water, 4, https://doi.org/10.1002/wat2.1223, 2017.
Turner, D. S. and Richter, H. E.: Wet/dry mapping: using citizen scientists to monitor the extent of perennial surface flow in

dryland regions, Environmental management, 47, 497505, https://doi.org/10.1007/s00267-010-9607-y, 2011.

van Meerveld, H. J. 1., Sauquet, E., Gallart, F., Sefton, C., Seibert, J., and Bishop, K.: Aqua temporaria incognita,
Hydrological Processes, 34, 5704—5711, https://doi.org/10.1002/hyp.13979, 2020.

van Meerveld, H. J. L., Kirchner, J. W., Vis, M. J. P., Assendelft, R. S., and Seibert, J.: Expansion and contraction of the
flowing stream network alter hillslope flowpath lengths and the shape of the travel time distribution, Hydrology and
Earth System Sciences, 23, 4825-4834, https://doi.org/10.5194/hess-23-4825-2019, 2019.

Zimmer, M. A. and McGlynn, B. L.: Ephemeral and intermittent runoff generation processes in a low relief, highly
weathered catchment, Water resources research, 53, 7055-7077, https://doi.org/10.1002/2016WR019742, 2017.

Zimmer, M. A., Kaiser, K. E., Blaszczak, J. R., Zipper, S. C., Hammond, J. C., Fritz, K. M., Costigan, K. H., Hosen, J.,
Godsey, S. E., Allen, G. H., Kampf, S., Burrows, R. M., Krabbenhoft, C. A., Dodds, W., Hale, R., Olden, J. D.,
Shanafield, M., DelVecchia, A. G., Ward, A. S., Mims, M. C., Datry, T., Bogan, M. T., Boersma, K. S., Busch, M. H.,
Jones, C. N., Burgin, A. J., and Allen, D. C.: Zero or not? Causes and consequences of zero-flow stream gage readings,
WIREs Water, 7, https://doi.org/10.1002/wat2.1436, 2020.

31



