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Abstract

Nearshore regions of lakes span ecosystem boundaries—terrestrial-aquatic, lotic—lentic, littoral-pelagic—and integrate
signals that propagate across these boundaries, yet these regions are undersampled relative to pelagic waters. To examine
controls on littoral ecosystem function, we measured high-frequency dissolved oxygen data along the shore of a large, oli-
gotrophic lake during 2 years. We identified two distinct diel oxygen patterns—one whose peak was synchronous with solar
noon and another whose peak lagged solar noon—that were distinguished as well by their overall magnitude of dissolved
oxygen. We found that these diel oxygen patterns were correlated most strongly with daily light availability when sensors
were deployed along a depth gradient and with stream discharge when sensors were in locations close to or far from inflow-
ing streams. These results show that nearshore dissolved oxygen responds variably to climate and physical conditions, that
is, light and discharge, depending on the location along the shore. Our approach further highlights the need to apply diverse
quantitative methods to develop a better understanding of variability in littoral lake productivity in response to changing envi-
ronmental conditions, particularly in oligotrophic lakes with low productivity signals that are typically challenging to detect.
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Introduction

Nearshore regions in lakes are increasingly recognized as
distinct ecosystems and examining their function is of par-
ticular interest owing to their inclusion of multiple ecosys-
tem boundaries. Littoral regions (i.e., where 1% of surface
light reaches maximum water depth) are connected to pelagic
regions by way of physical mixing and entrainment of deeper
water onshore owing to wind and rates of cooling (Macln-
tyre et al. 2002), with the extent of mixing and exchange
across the littoral-pelagic interface mediated by the degree
of stratification (Maclntyre and Melack 1995). Benthic pro-
cesses may exert an outsized influence on nearshore littoral
ecosystem function owing to light availability and hetero-
geneous substrates fueling high metabolic rates (Sadro et al.
2011; Vadeboncoeur and Lowe 2024), increased resuspen-
sion of materials (Maclntyre and Melack 1995), and higher
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connectivity to groundwater inflows that deliver dissolved
nutrients across the sediment—water interface (Naranjo et al.
2019; Vadeboncoeur et al. 2021). In addition to within-lake
attributes, inflowing streams transmit water, organic matter,
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and dissolved materials from the surrounding watershed and
airshed into lakes (Ward et al. 2022). Changes in hydrocli-
mate (e.g., snowmelt timing) may lead to altered phenology
of snowmelt (Kirchner et al. 2020; Siirila-Woodburn et al.
2021) and altered delivery of stream discharge to nearshore
littoral regions (Cortés et al. 2014a, 2014b). Littoral dis-
solved oxygen (DO) patterns are known to respond to the
combined effects of these abiotic and biotic processes, but
it is unclear how signals vary seasonally and spatially (i.e.,
with depth and proximity to inflowing streams).

Globally, lakes are influenced by a changing climate,
altering incoming fluxes of water and materials (Woolway
et al. 2020; Vadeboncoeur et al. 2021) and affecting lake
ecosystem function and water quality (Loewen 2023). In par-
ticular, oligotrophic lakes in mountain landscapes are vul-
nerable to climate change given their dependence on incom-
ing snowmelt (Williamson et al. 2009; Moser et al. 2019).
Mountain lakes are also sensitive to discrete weather events,
such as rainstorms or high flow events, which can rapidly
alter turbidity and light availability (Sadro and Melack
2012); antecedent conditions, such as drought and warm-
ing, have been shown to influence the impacts of such events
on lake ecosystem function, with uncertain consequences
for lakes experiencing changes in both the frequency and
intensity of hydroclimatic disturbances (Perga et al. 2018;
Oleksy et al. 2022). One method frequently used to quantify
lake ecosystem function is to estimate primary productivity
(i.e., metabolism) from changes in dissolved oxygen (DO;
Jankowski et al. 2021), but these estimates are challenging to
generate and uncertain in oligotrophic lakes where produc-
tivity is generally low (Staehr et al. 2010). When estimating
productivity proves challenging, examining changes in the
temporal signature of DO in oligotrophic lakes may provide
useful ecological insights, as diel patterns in DO reflect the
biology (i.e., metabolism), chemistry (i.e., oxic state), and
physics (i.e., degree of mixing) of the surrounding water
(Richardson et al. 2017). In particular, there is a critical need
to better understand controls on ecosystem function along
lake shores, as surface and bottom waters may respond at
offset timescales to changes in climate (Lewis et al. 2025),
and nearshore areas in oligotrophic lakes are displaying vis-
ible changes in productivity (i.e., filamentous algal blooms,
Vadeboncoeur et al. 2021).

Classification approaches of time series have been used to
gain insights into freshwater ecosystem dynamics by iden-
tifying unique temporal signatures in salinity (Bolotin et al.
2022), silicon (Johnson et al. 2024), and metabolic regimes
in rivers (Savoy et al. 2019). Changes in distinct temporal
signatures through space and time can reveal the relative
strength of various environmental controls on a solute of
interest. With respect to DO, three key parameters character-
ize diel (i.e., 24 h) time series: (1) mean daily DO, (2) DO
amplitude, and (3) the lag between the peak of DO and solar
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noon (Odum 1956; Chapra and Di Toro 1991). In the lit-
toral zone of lakes, we expect that mean daily DO is largely
controlled by seasonal fluctuations in water temperature
that determine DO saturation. While still sensitive to water
temperature, we expect the amplitude and lag in the peak
of DO relative to solar noon to be more sensitive to differ-
ences in productivity, respiration, and gas exchange that vary
with depth and proximity to stream inlets (Fig. 1). High gas
exchange can dampen the amplitude of DO by keeping DO
saturation near 100%, while high biological activity (i.e.,
photosynthesis and respiration) can increase DO ampli-
tude and cause a greater offset of DO relative to solar noon
because of the accumulation of DO in the water column
owing to photosynthesis that occurs faster than equilibra-
tion with the atmosphere. A question that remains largely
unexplored is whether and which diel DO patterns emerge
owing to various abiotic and biotic controls in the highly
dynamic littoral zone. DO is a reactive solute in freshwater
ecosystems that provides insight into biological processes
and is, itself, a control on aquatic biogeochemistry. With the
advent of high frequency, in situ DO sensors, it has become
possible to monitor DO and use it as a tool to measure how
aquatic ecosystems may respond to environmental changes.

Across water depths, we hypothesized that shallower
sites would receive more light and nutrients from incom-
ing streamflow (Naranjo et al. 2019; Vadeboncoeur et al.
2021) and display heightened biological activity. Shallower
sites would therefore have lower mean daily DO values
owing to warmer temperatures, as well as greater diel DO
amplitudes, and afternoon DO peaks more lagged relative
to solar noon (Fig. 1, water depth inset). At deeper sites, we
hypothesized that greater light attenuation would decrease
biological signals, resulting in dampened DO amplitudes
near the lake bottom, but owing to reduced gas exchange,
peak DO would still be lagged relative to solar noon. We
also hypothesized that these dynamics could shift seasonally,
where in summer, high light might cause ultraviolet (UV)
photoinhibition of periphyton (Naranjo et al. 2019), and data
would display a dampened diel DO amplitude and DO peak
more synchronous with solar noon. At sites located near and
far from inflowing streams, we hypothesized that DO pat-
terns would converge over the course of data collection as
waters warmed and the relative influence of stream discharge
abated (Fig. 1, stream discharge inset). We hypothesized that
mean daily DO saturation near inflowing streams would be
higher in spring owing to the entrainment of cold meltwaters
capable of dissolving higher DO concentrations as well as
increased gas exchange in steep, mountain streams (Ulseth
et al. 2019). We also hypothesized that DO patterns near
inflowing streams would display a greater diel amplitude
and lag relative to solar noon owing to diel discharge cycles
characteristic of snowmelt. As the year progressed, we
hypothesized that the diel DO amplitude in summer would
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Fig. 1 Hypothesized diagrams of diel dissolved oxygen (DO) patterns
responding to environmental drivers; each inset displays two hypothe-
sized DO trajectories when they are (colored) and are not (gray) acted
upon by the respective driver. Across a depth gradient, we hypoth-
esized that shallower sites with greater light availability would have
lower overall DO owing to warmer waters having a lower dissolution
capacity and that a strong photosynthetic signal would increase diel
DO amplitude and make diel peaks less synchronous with solar noon
(water depth inset). To account for watershed DO inputs, we hypoth-
esized that, during spring snowmelt, sites near inflowing streams

dampen with less snowmelt. In addition to water depth and
streamflow, we hypothesized that diel DO amplitude would
be dampened by physical mixing owing to wind and surface
waves (Fig. 1, wind and waves inset).

This study makes use of DO data measured in the lit-
toral region of an oligotrophic mountain lake (Lake Tahoe,
Nevada/California, USA) to examine the relative influence
of biological, physical, and watershed drivers on diel and
seasonal DO patterns. In the first year of the study, we exam-
ine how DO varies as a function of biological and physical
controls as mediated by water depth. Instrumentation was
deployed as part of a larger stream-to-lake sampling schema
that also included sensors in upstream reaches (Loria et al.
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would display elevated DO owing to cold meltwaters having a higher
dissolution capacity and that a stronger discharge signal that would
increase diel DO amplitude and make diel peaks less synchronous
with solar noon (stream discharge inset). At all sites and during all
seasons, we hypothesized that physical mixing would dampen diel
DO amplitude but increase the overall magnitude of DO owing to
entrainment of colder water; calmer conditions would instead display
a stronger diel signal owing to biologically derived oxygen (wind and
waves inset)

2025a). In the second year, we monitored sites at only the
shallowest depths located both near and far from inflowing
streams to examine how discharge, particularly following
spring snowmelt, might affect nearshore littoral DO. Ulti-
mately, our goal was to identify the processes responsible for
daily DO patterns in nearshore areas of a large, oligotrophic
lake. We examine the influence of local weather and flow
conditions in nearshore regions and illustrate the importance
of using high-frequency water quality data to inform predic-
tions of how varied abiotic disturbances, such as high vari-
ability in snowpack that alters stream discharge (Kapnick
et al. 2018), might affect oxygen availability and primary
productivity.
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Materials and methods
Site description

Lake Tahoe is an oligotrophic mountain lake (1898 m
elevation, 505 m maximum depth) located in the Sierra
Nevada Mountains (USA; Goldman 1988). The lake does
not freeze in winter and is monomictic, although it does
not mix to the bottom every year (unstratified period
December to May, Roberts et al. 2018). The littoral
region in Lake Tahoe, with 1% of surface light reaching
maximum littoral depth, typically includes areas < 60 m
in depth and represents approximately 19% of the total
500-km? surface area (Goldman 1988; Loeb et al. 1983).
In this study, we instrumented four littoral locations (max-
imum 20 m depth), two on the east shore (inflow from
Glenbrook Creek and no perennial discharge at Slaugh-
terhouse Canyon) and two on the west shore (inflow from
Blackwood Creek and no perennial discharge at Sunnyside
Marina; Fig. 2). Glenbrook Creek drains a steep, 11-km?
watershed, which is primarily forested at higher elevations
while transitioning into developed areas and wetlands at
lower elevation, and empties into the gently sloping Glen-
brook Bay. Blackwood Creek drains a gradually sloping,
29-km? watershed, which is primarily undeveloped and
forested throughout and empties into a relatively steep
littoral region (Coats et al. 2016; Leonard et al. 1979).
In addition to contrasting topographies and bathymetries
on either shore, Lake Tahoe experiences significant
variability in precipitation between the western (mean
annual precipitation [MAP] =140 cm yr~') and eastern
(MAP =67 cm yr_l) shores (Coats et al. 2008). Most
annual precipitation falls as snow, and in the winter of
2022-2023, the region received a record snowfall (>300%
median snow water equivalent as of 1 May 2023; Natural
Resources Conservation Service 2024) that has become
recognized as a “hydroclimate whiplash” event that transi-
tioned the region from severely dry conditions, marked by
drought and wildfires, to severely wet conditions, marked
by flooding and landslides (Swain et al. 2025). Additional
meteorological information is presented in the Supporting
Information.

Data collection and instrument maintenance

During the first stage of data collection from April 2022
through February 2023 (hereafter referred to as stage 1),
we instrumented two littoral areas near inflowing streams
(Fig. 2). We deployed sensors (miniDOT, Precision Meas-
urement Engineering, Inc.) recording dissolved oxygen
(DO) concentrations (accuracy = +5% or +0.3 mg/L,
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whichever is larger) and water temperature (accuracy =
+0.1 °C) at 15-min intervals. Sensors, each paired with a
wiper, were oriented in a T-shaped pattern offshore of the
Glenbrook Creek (east shore; GB) and Blackwood Creek
(west shore; BW) inlets. We deployed three DO sensors
parallel to shore in nearshore (NS) littoral areas (approxi-
mately 3 m depth). The sensors were attached horizontally
to cinder blocks (approximately 0.25 m above the ben-
thos) and placed at 50-m intervals immediately in front
of (NS2), north of (NS1), and south of (NS3) inflowing
streams to capture potential variation in the inflowing
plume of stream discharge. We deployed another three
DO sensors perpendicular to shore in shallow littoral (SL,
10 m depth), mid-littoral (ML, 15 m depth), and deep lit-
toral (DL, 20 m depth) locations by securing sensors to a
moored buoy line approximately 1 m above the benthos.
During stage I, we serviced instruments and downloaded
data approximately every 3 months.

During the second stage of data collection from June
through September 2023 (hereafter referred to as stage II),
we altered the pattern of instrumentation on both shores
to monitor ecosystem processes near and far from inflow-
ing streams (Fig. 2). We kept the three sensors deployed in
nearshore littoral areas at the inflowing streams in place. We
moved sensors from the deeper SL, ML, and DL locations
to Slaughterhouse Canyon (SH; approximately 1.2 km north
of the Glenbrook Creek inlet) and Sunnyside Marina (SS;
approximately 2.8 km north of the Blackwood Creek inlet)—
nearshore (NS) littoral regions with no inflowing streams.
The new SH and SS deployment locations were selected on
the basis of site access and distance relative to other inflow-
ing streams. We were unable to maintain a gradient design
as in stage I owing to limited availability of instrumentation.
During stage II, we serviced instruments and downloaded
data approximately monthly owing to calmer conditions and
increased likelihood of biofouling. At the conclusion of the
study, we performed a final intercalibration test; for sensors
that displayed an offset from anticipated DO values at satu-
ration, we applied an offset correction to the data prior to
conducting further analyses. Additional information regard-
ing calibration, maintenance, and the deployment schedule
is provided in the Supporting Information (SI). All data are
published via the Environmental Data Initiative (Loria et al.
2025b).

Data analyses

In our regression analyses, we combined water depth with
incoming light, wind, and stream discharge data. We used
these variables to investigate the influence of bathymetry,
photosynthesis (made possible by light), gas exchange
(facilitated by winds), and watershed inputs (primarily from
stream discharge during spring snowmelt) on DO patterns.
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Fig.2 A map of Lake Tahoe with insets on either shore depicting
instrumentation setups. During stage I of this study (April 2022 to
February 2023), six dissolved oxygen sensors were deployed on both
the east and west shores of Lake Tahoe near Glenbrook (GB) and
Blackwood (BW) Creeks, whose watersheds are highlighted in yel-
low and blue, respectively. Three sensors were deployed in nearshore
(NS) littoral locations parallel to shore at 50-m intervals immediately
in front of (NS2), north (NS1), and south (NS3) of inflowing streams,
and another three were deployed perpendicular to shore in shallow lit-

To gather these data, we downloaded incoming light (hourly
shortwave radiation flux in W m~2) and wind data (every 3 h
in m s7!) from the North American Land Data Assimila-
tion System (Xia et al. 2012; refer to the SI for details); we
chose to use these gridded data products rather than local
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toral (SL, 10 m depth), mid-littoral (ML, 15 m depth), and deep litto-
ral (DL, 20 m depth) locations. During stage II of this study (June to
September 2023), the three sensors deployed parallel to shore in front
of inflowing streams were left in place. The remaining three sensors
were moved to a northern location further from an inflowing stream,
Slaughterhouse Canyon (SH) on the east shore and Sunnyside Marina
(SS) on the west shore, and deployed in nearshore (NS) littoral loca-
tions parallel to shore at 50-m intervals with central (NS2), northern
(NS1), and southern (NS3) locations

meteorological stations’ data owing to the latter not being
available at all sites and displaying interferences from local
canopy and hillshade. We downloaded mean daily stream
discharge (parameter code 00060, ft* s™!) using the US
Geological Survey’s dataRetrieval R package (De Cicco
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et al. 2024) for both Glenbrook (site code: 10,336,730) and
Blackwood Creeks (site code: 10,336,660). We chose not
to impute or interpolate missing covariate data and instead
removed those days from our analysis. Additional details
regarding environmental covariate data collection and prepa-
ration are detailed in Loria et al. (2025a).

We determined dominant diel patterns in littoral DO
using dynamic time-warping (DTW, Sarda-Espinosa 2019).
Initial efforts to estimate metabolism (i.e., gross primary
production and ecosystem respiration) yielded poor model
fits, and DTW provides an alternative method to classify
daily data on the basis of time series’ trajectories. The DTW
approach compares two time series on the same plane and
determines a warping path that best minimizes the distance
measure between their two paths (Berndt and Clifford 1994;
Sakoe and Chiba 1978). Following all pairwise comparisons
and using computed distance measures, time series may be
clustered into groups to identify the dominant patterns. We
used fuzzy c-medoids clustering to allow for the creation
of multiple, overlapping groups where each time series is
allowed partial membership in multiple groups (Izakian
et al. 2015). DTW is well suited for examining ecosystem
phenology, which often necessitates elastic rather than 1:1
methods of comparison (Savoy et al. 2019).

Prior to fitting the DTW model, we filtered DO data to
remove days of deployment/retrieval, instrument malfunc-
tion, and suspected biofouling (additional quality assurance
and quality control [QA/QC] details available in the SI). To
aggregate data at a daily time-step, we split mean hourly data
between stage I and stage II periods and divided it again into
24-h-long time series beginning at 04:00 (before sunrise).
We further z-score-normalized all data (i.e., subtracted the
mean value and divided by the standard deviation of all DO
values). We then fit DO (% saturation) time series using the
tsclust function (type =“fuzzy”, centroid = “fcmdd”) in the
dtwclust R package (Sarda-Espinosa 2019) using R version
4.4.1 (R Core Team 2024). To improve model convergence,
we constrained the warping window size to 3 h and ran
the model for 1000 iterations. We examined 2—12 cluster
options and identified the model fit that was best supported
by a majority of five internal, fuzzy cluster validity indices
(Sarda-Espinosa 2019; Wang and Zhang 2007). Following
the selection of the model with the number of clusters best
supported by the validity indices (refer to the SI for more
details), cluster membership was determined for each day’s
DO pattern using a 90% threshold; if a day’s data did not
achieve higher than 90% membership for any of the pos-
sible clusters it was assigned to a “no cluster membership”
category. We additionally fit time series for raw DO data
(mg/L), the full results of which are provided in the ST (Sup-
plementary Figs. S15, S16).

To quantify relationships between environmental controls
and cluster membership, we fit two Bayesian multilevel,
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multinomial logistic regression models, one for each stage
of the project. We removed strongly correlated covariates
(Pearson’s r>0.7), log-transformed stream discharge, and
z-score-normalized all continuous, numerical covariates. For
stage I (n=2770 days), the final model structure included
water depth, cumulative daily light, mean daily wind speed,
and mean daily stream discharge as individual covariates
to investigate the influence of bathymetry, climate, gas
exchange/mixing, and watershed inputs on cluster member-
ship. For stage II (n=821 days), we removed water depth as
a covariate since all sensors were at the same depth. In both
models, a nested, group-level intercept of site (BW, GB, SS,
SH) and individual sensor ID were included to account for
repeated sampling (i.e., non-independent samples) and the
potential effects of site-specific conditions. We investigated
numerous potential covariates and detail our justification for
the final model structure here. Cumulative daily light, rather
than day length, was chosen to represent climate and light
availability since these two terms were found to be strongly
correlated throughout the study (Supplementary Fig. S21).
Minimum DO (% saturation) values were examined as
a potential covariate indicative of respiration but aligned
closely with the group level curves (Supplementary Fig.
S22) and therefore were not included. We also fit the model
structure including an autoregressive (AR[1]) term but found
that it overwhelmed all other covariates included (Supple-
mentary Fig. S23) and therefore did not include it. Finally,
we chose not to include lake shore as a covariate because it
was highly correlated with water depth (owing to instrument
malfunctions) during stage I and stream discharge (owing to
stream size) during stage II; lake shore was also not included
as an interacting covariate owing to concerns of estimat-
ing too many parameters and making model interpretability
challenging (Supplementary Fig. S24).

We fit models in a Bayesian framework using the brms
package (Biirkner 2017), with four chains run for 2000
iterations each with 1000 warm-up iterations (i.e., 4000
total iterations). We visually inspected for good chain mix-
ing and a lack of divergent transitions, and we ensured a
Gelman—Rubin statistic (IA?) < 1.05 and an effective sample
size > 10% for all parameters. We extracted median pos-
terior values and 95% credible intervals using the zidy-
bayes package (Kay 2024). Posterior predictive figures are
included in the SI. In addition, we used the results of the
raw DO data clustering to fit models that included water
temperature along with the covariates listed above for both
stages of the project; the full results are shown in the SI
(Supplementary Figs. S17, S18, S19, S20). We included
temperature as a predictor only in these regression models
because we did not feel that it was appropriate to include
temperature in a model where % DO saturation had been
calculated using those same data.
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Results

Across the littoral depth gradient (stage I), two seasonal
clusters emerged that showed increased DO saturation val-
ues coupled to greater lags in peak values relative to solar
maxima (Fig. 3). In total, 27% of days were grouped in

the “synchronous” cluster, 30% of days were grouped in
the “lagged” cluster, and 42% of days were not assigned to
either cluster (Fig. 3a, Table 1). Cluster peaks both lagged
maximum incoming light, with the “synchronous” clus-
ter less offset than the “lagged” cluster. The earlier-peak-
ing, “synchronous” cluster had lower daily DO than the
“lagged” cluster; amplitudes of the diel DO patterns (i.e.,
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Fig.3 Median diel time series for littoral zones of Lake Tahoe, Cali-
fornia/Nevada, represented as A dissolved oxygen percent saturation
and B “-score-normalized values from stage I (April 2022 to Febru-
ary 2023) according to the dynamic time-warping (DTW) cluster that
they most belong to (>90%). Shading around each curve denotes the
25th and 75th percentiles. Gray, boxed shading denotes approximate

mean annual daily hours of darkness. In panel B, the dashed line is
the mean annual solar noon (orange shading denotes+1 s.d.), and
the stars indicate the mean hour of dissolved oxygen (DO) maxima
for each cluster. C The number of days that belong to each cluster
according to lake shore (west, east), water depth (nearshore littoral,
shallow littoral, mid-littoral, deep littoral), and month of the year

Table 1 Attributes of clusters

¢ dicl dissol Stage I (depth) clusters Mean daily DO Mean daily DO amplitude Time offset of
of die dl.SSO v.ed oxygen (DO) (% saturation) (% saturation) solar maxima
patterns identified by the mean+s.d mean+s.d (min)
dynamic time-warping approach - - mean +s.d
for stage I (April 2022 to —
February 2023). DO amplitude Synchronous 99.06% + 1.78% 3.27%+2.58% 58+274
was calculated as the difference (n=758)
between daily maximum and Lagged 107.7% +1.61% 4.95%+3.39% 1384210
minimum values

(n=836)

Neither 102.5% +7.12% 6.87%+8.93% 73+289

(n=1176)
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maximum daily DO — minimum daily DO) were similar
across clusters (Fig. 3b, Table 1).

Clusters were distinctly seasonal, with the “lagged” clus-
ter the most prevalent in summer months (May to Septem-
ber) and the “synchronous” cluster more common during the
remaining months of the year (Fig. 3c). The “synchronous”
cluster also appeared more frequently on the east shore,
although this may be in part owing to lack of data at deeper
depths on the west shore (data were removed owing to sus-
pected biofouling). In addition to DO pattern attributes, days
in the “synchronous” cluster displayed a lower mean daily
water temperature (9.1 +£3.9 °C) and a smaller mean daily
range in water temperature (0.8 +0.6 °C) than days in the
“lagged” cluster (mean daily temperature =14.7 +3.9 °C,
mean daily range=1.8 + 1.1 °C).

At nearshore sites near and far from inflowing streams
(stage II), two clusters emerged, largely on opposite shores,
that showed increased DO saturation values coupled with
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Fig.4 Median diel time series for nearshore littoral zones of Lake
Tahoe, California/Nevada, represented as A dissolved oxygen per-
cent saturation and B z-score-normalized values from stage II (June
to September 2023) according to the dynamic time-warping (DTW)
cluster that they most belong to (>90%). Shading around each
curve denotes the 25th and 75th percentiles. Gray, boxed shading
denotes approximate mean annual daily hours of darkness. In panel
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smaller lags in peak values relative to solar maxima (Fig. 4).
A total of 29% of days were grouped in the “synchronous”
cluster, 27% of days were grouped in the “lagged” cluster,
and 44% of days were not assigned to either cluster (Fig. 4a,
Table 2). Cluster peaks both lagged maximum incoming
light, with the “lagged” cluster more offset than the “syn-
chronous” cluster. The later-peaking, “lagged” cluster had a
lower mean daily DO than the “synchronous” cluster; ampli-
tudes of the diel DO patterns were again not distinguishable
across clusters (Fig. 4b, Table 2).

Clusters appeared distinct by shore, with the “lagged”
cluster more frequent on the east shore and the “synchro-
nous” cluster on the west shore. Seasonality of clusters was
less evident during this stage of the project, although the
east shore did appear to transition from more instances of the
“synchronous” to the “lagged” cluster over the course of the
summer season (Fig. 4c). In addition to DO pattern attrib-
utes, days in the “lagged” cluster displayed a higher mean

W Near Stream E Near Stream

o

- Cluster

[ synchronous

W Far from Stream E Far from Stream B Lagged

I l )
50

Neither

o5 II

o.

Jun Jul Aug Sep Jun Jul Aug Sep
Month of Year

B, the dashed line is the mean seasonal solar noon (orange shad-
ing denotes+1 s.d.), and the stars indicate the mean hour of dis-
solved oxygen (DO) maxima for each cluster. C The number of days
that belong to each identified cluster according to lake shore (east
or west), distance from inflowing stream (near or far), and month
of the year. Note, all instruments during stage II were placed in the
nearshore littoral zone (approximately 3 m water depth)
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Table 2 Attributes of clusters
of diel dissolved oxygen (DO)
patterns identified by the

Stage II (stream proxim-
ity) clusters

Mean daily DO
(% saturation)

Time offset of
solar maxima

Mean daily DO amplitude
(% saturation)

> - mean +s.d mean+s.d (min)

dynamic time-warping approach mean +s.d
for stage II (June to September -
2023). DO amplitude was Synchronous 109.18% +0.98% 6.66% +2.55% 574209
calculated as the difference (n=242)
between daily maximum and Lagged 103.65% + 1.08% 7.24% +3.05% 158+ 128
minimum values

(n=219)

Neither 106.95% +3.00% 10.29% +4.85% 125+ 189

(n=360)

daily water temperature (19.1 +1.9 °C) and a smaller mean
daily range (1.1 +0.8 °C) than days in the “synchronous”
cluster (mean daily temperature=16.6 +2.7 °C, mean daily
range=2.3+1.4 °C).

In contrast to the DTW results for DO saturation patterns,
results for DO concentration patterns were distinguished
only by overall magnitude of the diel DO patterns, not by
amplitude or timing of peaks; low DO concentration clus-
ters appeared exclusively in late summer and early fall (July
to October) during both stages of the project (Supplemen-
tary Figs. S15, S16). It follows that water temperature was
the overwhelming predictor of raw DO concentration pat-
terns (Supplementary Fig. S17). These results support our
focus on DO saturation values, as DO concentration appears
driven by seasonal water temperatures.

A
Stage |: Across Depths

Depth (Lag) O
Depth (Syn.)-

Light (Lag)+

Light (Syn.):

Q (Lag)

Predictors

Q (Syn.)s
Wind (Lag)-

Wind (Syn.1
-6

4 2 0 2 4
Posterior Estimates

Fig.5 Results of Bayesian multinomial logistic regressions for A
stage I (across depths) and B stage II (near and far from stream inlets)
for littoral zones in Lake Tahoe, California/Nevada. Potential covari-
ates for the daily clustering include water depth (depth), cumulative
daily light availability (light), mean daily discharge (Q), and mean

6

Across the entire study, light availability and stream dis-
charge had the strongest effects on DO saturation cluster
membership (Fig. 5). For stage I, the “synchronous” clus-
ter days occurred on days with lower light (i.e., cumula-
tive daily light availability; By, =—1.33, credible inter-
val (CI)gs=[—1.49, —1.18]) and higher stream discharge
(i.e., mean daily discharge; ﬁlog(Q)=0.90, Clys=10.71,
1.10]). The “lagged” cluster days occurred on days with
higher light (8} =2.02, Clys=[1.81, 2.27]), lower stream
discharge (ﬂlog(Q):—O.68, Clys=[-0.87, —0.48]), and
higher wind (i.e., mean daily wind speed; f;,q=0.18,
Clys=[0.05, 0.32]). Water depth did not have a strong
effect on cluster membership. During stage II, the “lagged”
cluster days occurred on days with lower stream dis-
charge (B)4()=-3.88, Clos=[-5.53, =2.37]), lower light

Stage Il: Stream Proximity

Light (Lag) o
Light (Syn) O
Q (Lag) [ ]
Q (Syn) ®
Wind (Lag) o
Wind (Syn)
6 4 2 0 2 4 6

Posterior Estimates

daily wind speed (wind). Points represent median log-odds parameter
estimates with shaded lines to denote 95% credible intervals; credible
intervals are smaller than the point size when not visible. Coloration
of “synchronous” (syn.) and “lagged” (lag) clusters corresponds to
Figs. 3 and 4
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(/)’“ght=—0.86, Clys=[-1.11, —0.62]), and higher wind
(Buina=0.41, Cly5=10.20, 0.62]). The “synchronous” cluster
corresponded most strongly with higher light (B, =0.78,
Cly;=[0.51, 1.05]).

Discussion

We found light availability and stream discharge were
strongly correlated with daily dissolved oxygen saturation
(hereafter “DQ”) patterns in littoral regions of Lake Tahoe,
highlighting how both climate and local conditions likely
play a strong role in diel DO variation in shallow areas. The
DO pattern whose daily peak was more synchronous with
solar noon occurred more frequently in late spring, autumn,
and winter, when light availability is lower, and during peri-
ods of high stream discharge, when littoral regions are more
readily linked to the surrounding watershed via water and
material transport. In contrast, the “lagged” daily DO pattern
occurred nearly exclusively in summer and more frequently
during periods (or at locations) of lower stream discharge,
suggesting a heightened importance of within-lake processes
and a relative decoupling from climate (i.e., light) or water-
shed (i.e., streamflow) inputs on these days. Together, these
data support the idea that the littoral zone is a “sentinel-of-
the-sentinel” (Ward et al. 2022), displaying rapid, detectable
changes in water quality and ecosystem function in response
to climate and physical conditions.

While sensors were deployed along a depth gradient
(stage I), a seasonal signal dominated variation in DO pat-
terns; clusters were positively correlated with light avail-
ability in summer and stream discharge in winter and spring.
We initially hypothesized that diel DO patterns indicative
of biology (i.e., photosynthesis, Fig. 1) would emerge at
shallower sites. We did find a positive relationship between
daily cumulative light and the “lagged” cluster (Fig. 5a) but
the pattern emerged across all water depths, not only at shal-
low sites. This suggests that the greatest primary productiv-
ity signal is coupled with the highest light availability in
summer, which is in contrast to Naranjo et al. (2019) who
found productivity of littoral periphyton in Lake Tahoe to be
greater in winter and spring, when nutrients are abundant but
solar radiation has not reached levels capable of photoinhibi-
tion (Huovinen and Goldman 2000). We instead found that
in fall, winter, and spring, the “synchronous” cluster whose
peak was closer to solar noon was most common (Fig. 3b).
We propose that the significant precipitation and winter
storm activity of late 2022 and early 2023 may be responsi-
ble for why we see little evidence for photosynthetic activity
outside of the summer season and why mean daily DO and
daily amplitude decreased substantially across all depths.

We investigated how DO patterns changed with depth in
response to inflowing streams across two different shoreline
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bathymetries (i.e., steep declines in depth on the west shore
and a shallow bay on the east shore), yet we detected no
effect of depth on DO saturation patterns. We further
hypothesized that DO patterns characteristic of physical pro-
cesses (e.g., dampened daily amplitude, Fig. 1) would dis-
play a strong relationship with wind but found no relation-
ship between mean daily wind and the lower DO amplitude
pattern (the “synchronous” cluster, Fig. 5a). Because cluster
membership was strongly correlated with daily stream dis-
charge (Fig. 5a), we propose that discharge from Glenbrook
and Blackwood Creeks created greater variability by season
and may have obscured our observation of a depth gradient
in littoral DO saturation patterns. Other studies located in
lotic-to-lentic transition zones have reported that the depth
of stream inflow into a lake may vary significantly as a func-
tion of stream water temperature (Ward et al. 2022) as well
as the degree of stratification in the recipient waterbody
(Cortés et al. 2014a). We recommend future work conducted
in littoral zones of lakes strongly consider periods during or
locations in which the stream—lake transition zone is strongly
coupled and to what degree this may influence the ability to
detect variability between sites.

When considering only nearshore littoral sites (3 m depth;
stage II), we detected greater differences in DO patterns
across shores rather than near and far from streams. We ini-
tially hypothesized that sites nearest streams would display
distinct DO signals (i.e., peaks offset of solar maxima due
to stream inflows). However, we found that the later-peaking
DO pattern appeared most on the east shore (the “lagged”
cluster, Fig. 4) and was correlated with lower discharge
(Fig. 5b). Glenbrook Creek, the smaller stream on the east
shore, drains a small, steep watershed, and in Lake Tahoe,
the influence of stream discharge on nearshore littoral pro-
ductivity has been shown to scale with catchment size, with
greater stream inflows creating more heterotrophic condi-
tions in nearshore areas (Loria et al. 2025a). Together, these
findings suggest that Glenbrook Creek’s more rapid return
to base flow conditions during summer 2023 (Loria et al., in
revision) and a wider, shallower bathymetry may have stimu-
lated more productivity (i.e., more autotrophic conditions)
and thereby more lagged DO patterns. We further posit that
physical mixing owing to high discharge following the mul-
tiple storms and record snowfall in 2023 (Natural Resources
Conservation Service 2024; Swain et al. 2025) likely made
differences between sites near and far from streams more
muted. These patterns highlight how heterogeneous lake
shores can be and the need for better characterization of mul-
tiple locations when investigating littoral zones within lakes.

In this study, clustering via a dynamic time-warping
(DTW) technique enabled us to identify distinct patterns
in daily DO in an oligotrophic system in which traditional
metabolism modeling approaches were not suitable. The two
clusters that were identified in both stages of the project
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were strongly supported by a suite of cluster validity indices,
and therefore we feel confident in the number of clusters
retained as descriptive of generalized daily DO trajectories.
However, we acknowledge that the DTW method possesses
particular challenges and address several of them here for
others interested in this approach. First, DTW is a classifi-
cation method intended to facilitate simpler comparison of
complex time series and does so by identifying common
trajectories across multiple sets of observations. If research-
ers are focused instead on the detection of rare or short-lived
anomalies in their data, this approach may not be suitable for
detecting more nuanced signals. In addition, DTW outputs
may be challenging to interpret if not properly informed by
the model system. We advise those using DTW to document
hypothesized trajectories prior to fitting the model to aid
with interpretation of the resulting clusters. This will also
inform a key decision—the threshold of cluster member-
ship required for a set of observations to be assigned to a
particular cluster. We chose a 90% threshold of belonging,
as others have done (Bolotin et al. 2022), because we sought
to maximize the likelihood of identifying potential environ-
mental drivers for a given cluster. Many of our days did not
meet that threshold and belong to neither cluster, but we
were able to detect strong correlations with environmental
factors (i.e., light and discharge) among the two primary
clusters and therefore feel this was an appropriate threshold.
Although we do not explore this application, the results of
DTW clustering may also be used to examine trajectories
upon trajectories or how an ecosystem moves among groups
(Savoy et al. 2019). Others have begun to observe how riv-
ers, for example, transition between silica regimes (John-
son et al. 2024), but there remain exciting opportunities to
apply this approach in the context of ecosystem resistance
and resilience to disturbance.

Our analyses of data collected from sensors in littoral
regions of Lake Tahoe were able to examine relationships
between DO patterns and environmental conditions in
a highly oxygenated, low-productivity lake. Higher DO
saturation patterns (i.e., greater mean daily values) were
consistently correlated with higher light availability, cre-
ating strong seasonality in littoral DO. With increasing
instances of summer wildfires, lakes are more frequently
subject to smoke effects, which could alter this season-
ality by decreasing incoming solar radiation (Farruggia
et al. 2024) and increasing pelagic productivity relative
to littoral sites (Scordo et al. 2022). Stream discharge
also emerged as an important factor, which has signifi-
cant implications given the predicted declines (Kapnick
et al. 2018) and variability in melt dynamics of western
snowpacks (Koshkin et al. 2022). At the global scale, lake
temperatures are warming (Williamson et al. 2009; Wool-
way et al. 2020), which poses a threat to shallow regions
that may warm more rapidly and experience lower DO

solubility and deoxygenation (Jane et al. 2021). Instances
of filamentous algal blooms are also becoming more fre-
quent in nearshore regions of oligotrophic lakes (Vadebon-
coeur et al. 2021), which could lead to large diel swings
in DO during the bloom followed by consumption of DO
owing to respiration following the bloom. As lakes display
considerable spatial variability in timescales of response
to climate change (Lewis et al. 2025), all of these afore-
mentioned factors—fire, snow, streamflow, warming, algal
blooms—will likely yield a mosaic of responses across
littoral, pelagic, and benthic regions. To better interpret
data collected via a network of sensor deployments, we
must develop a better understanding of the possible spa-
tial differences in DO and posit that this study provides
a novel way to analyze diel DO patterns and a reference
for how such patterns in the littoral zones of lakes could
be interpreted. Ultimately, additional work is needed to
understand how increasingly variable climate and water-
shed inputs determine the spatial and temporal heterogene-
ity of littoral water quality (i.e., temperature and oxygen
availability) and ecosystem function.
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