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Summary

The mid-Klamath River is heavily impacted by altered streamflow and warm water
temperatures, which contribute to the decline of native salmonids. In an effort to restore critical
salmonid habitat, the Karuk Tribe, National Forest Service, and Mid-Klamath Watershed
Council have created a variety of off-channel floodplain ponds that provide habitat for juvenile
Coho Salmon (Oncorhynchus kisutch) and other juvenile salmonids such as Steelhead (O.
mykiss). One purpose of these ponds is to provide cool water refuges for juvenile salmonids
during high summer water temperatures. However, no studies have quantified how these ponds
vary in temperature regimes across the river floodplain. Characterizing alternative temperature
regimes in the Klamath floodplain can help us better understand why these habitats are important
for salmonid populations in the Klamath.

In July 2020, we placed 30 temperature sensors in 9 off-channel ponds and 2 creeks
(Seiad Creek and Horse Creek) in the mid-Klamath floodplain. For this analysis we only used
data recorded in the last 3 weeks of July 2020, but sensors will continue recording data until
August 2021. We placed 1-4 sensors in each pond and creek. We used a multivariate auto-
regressive state space (MARSS) models to determine the number and spatial arrangement of
distinct thermal regimes (hereafter, “temperature states”) in floodplain ponds and tributaries.

We found that pond temperatures have lower daily maximums and fluctuate less than
tributary temperatures. We also found that Seiad Creek, Seiad Creek ponds, Horse Creek, and
Horse Creek ponds all have different patterns of temperature change throughout the summer. The
temperature diversity introduced by off-channel ponds likely creates a “portfolio effect” that may
allow fish to access a variety of water temperatures at any given time. The benefits of cool water
temperature refuges for salmonids in the Klamath River watershed has been demonstrated by
previous studies in the mainstem and tributary mouths but has never been specifically studied in
off-channel ponds.

Historical data (2010-2019) for Alexander and Stender Ponds showed that over time,
daily fluctuations in pond water temperature became less drastic. This pattern was also observed
by MKWC in their reports on Alexander and Stender Ponds (MKWC 2020; Wickman et al.
2020), and our analysis provides a quantification of this pattern. This pattern is likely due to an
increase in canopy cover and riparian vegetation as the ponds age and move to later successional
stages post-construction. More stable water temperatures in the ponds contrast to creek
temperatures, which continue to fluctuate widely on a daily basis during summer. Fish
monitoring data from MKWC show that Coho Salmon growth rates are higher in these two
ponds, which suggests that Coho Salmon may experience a metabolic benefit from more stable
water temperatures (MKWC 2020; Wickman et al. 2020).

The temperature sensors used to complete this analysis are still recording data, and we
will re-do our analysis in fall 2021 after a full year of data is available. Overall, our analysis
provides deeper insight into the thermal benefits of floodplain habitats and off-channel ponds on
the mid-Klamath River, and informs the future collection of fish population and movement data
that will reveal more precise information about how floodplains benefit salmonids.
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Introduction

Flow alteration impacts river ecosystems worldwide, and one major effect of flow
alteration is the disruption of lateral hydrologic connectivity between rivers and their floodplains
(Ward and Stanford 1995; Winemiller et al. 2016). In recent decades, many efforts to mitigate
the effects of altered flow on native fish have focused on restoring floodplain habitats (Bellmore
et al. 2013). Re-establishing the physical and biological connections between river and
floodplain habitats has been shown to benefit fish growth, but it is unclear exactly how the
physical characteristics of floodplains support fish populations (Jeffres et al. 2020). To better
understand why connecting rivers and floodplains is an effective method for fish conservation, it
is critical to understand how the physical characteristics of floodplain habitats differ and
complement other parts of the watershed, such as river and tributary habitats. In particular,
floodplain habitats often have groundwater inputs, aquatic vegetation, and deeper water
compared to tributaries, which may create temperature heterogeneity that allows fish to take
refuge from particularly cold or warm temperatures in rivers and tributaries (Tonolla et al. 2010).
Characterizing alternative temperature regimes in floodplains can help us better understand how
and why these habitats are important for conserving critical fish populations within watersheds.

To answer these questions, we studied floodplain restoration projects along the mid-
Klamath River in northern California, USA. Hydropower dams have altered natural streamflow
in the Klamath, severely impacting native fish populations. Over the last ten years, restoration
activities by the Karuk Tribe, National Forest Service, and the Mid-Klamath Watershed Council
have created a variety of off-channel ponds within the Klamath floodplain that provide habitat
for juvenile Coho Salmon (Oncorhynchus kisutch) and other juvenile salmonids such as
Steelhead (O. mykiss). These ponds vary in location and temperature regime, creating a unique
experimental system in which to study how pond temperatures differ from tributary
temperatures. Characterizing temperature regimes across a river-tributary floodplain will help us
understand the roles these habitats play in creating habitat diversity and providing temperature
refuges for juvenile salmonids.

This study seeks to understand temperature diversity in restored floodplain habitats in the
Klamath River watershed using multivariate auto-regressive state space models, or MARSS
models (temperature “states” are often referred to as temperature or thermal “regimes”, and we
use the two terms interchangeably in this report). Our objectives are to 1) identify the number of
temperature states that exist among nine restored floodplain ponds on two different tributaries of
the Klamath River; 2) understand how air temperature influences temperature dynamics in ponds
and tributaries; 3) consider how temperature states contribute to the diversity of temperature
regimes available to juvenile salmonids in the watershed; and 4) explore how seasonal and daily
temperature fluctuations in ponds have changed over time.

To address these objectives, we developed four hypotheses to test how temperature
regimes differ across the watershed in ponds and tributaries, specifically focusing on how many
temperature states exist and how they are distributed throughout the watershed. These



hypotheses were developed based on the spatial distribution of floodplain ponds along two
different tributaries (Horse Creek and Seiad Creek) to the Klamath River.
H1: Eleven temperature states exist, one for each pond (9) and one for each tributary (2).
H2: Two temperature states exist, one that describes all ponds and one that describes all
tributaries.
H3: Four temperature states exist, two for pond and tributary habitats on the first
tributary, and two for pond and tributary habitats on the second tributary.
H4: One temperature state exists and all ponds and tributaries have the same state.

To address our last objective of exploring changes in seasonal and daily temperature fluctuations
over time, we used wavelet analysis to visualize and quantify temperature fluctuations between
2010 and 2019 in two of the oldest ponds. These unique analysis tools allow us to understand
patterns in temperature data, and help us characterize how these patterns become more or less
important as pond ecosystems develop and move into later successional stages.

Methods

Study Sites

For this study, we focused on nine man-made floodplain restoration ponds constructed
between 2010 and 2019 in the mid-Klamath watershed. The ponds are located on Horse Creek
and Seiad Creek (Table 1, Figure 1). One pond (Goodman Pond) is located on Middle Creek
which is a tributary of Horse Creek. Ponds are fed mainly by groundwater inputs and flow into
the creek. Pond banks are stabilized with native plants including alder, blackberry, and horsetail.
Ponds range between 0.7m and 1.1m average water depth during the summer dry period, but
sustain much higher water levels during the wet season (MKWC 2020; Wickman et al. 2020).
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Figure 1: A map of the Klamath River watershed and the specific tributaries and floodplain
ponds used in this study.




Table 1: Tributaries included in this study and the ponds on each tributary. Ponds are listed
upstream to downstream on the tributary. *Goodman Pond is on Middle Creek, which is a small
tributary to Horse Creek.

Seiad Creek Horse Creek
Alexander Pond Fish Gulch Pond
Stender Pond Goodman Pond*
Durazo Pond Upper Lawrence Pond
Lower Seiad pond Lower Lawrence Pond
May Pond

Data Collection

In July 2020, we deployed 30 temperature sensors (HOBO MX2021, Onset Corporation,
Massachusetts) programmed to measure temperature every 15 minutes in off-channel ponds and
creeks. We distributed sensors between ponds on two tributaries. We placed 1-4 sensors in each
pond to capture local-scale temperature variation in the pond. We also placed 1 sensor in the
tributary upstream of the outlet of each pond. We placed sensors between 7 and 13 July 2020,
and read them out between 27 and 28 July 2020. All sensors will continue collecting data until
July 2021, and after that a longer time series will be available to analyze. Daily temperature
means were calculated for each sensor. Data from all sensors was log transformed and z-scored
to control for outliers.

Historical temperature data from temperature sensors in Alexander and Stender Ponds
were provided by MKW(C. These are two of the oldest ponds in the study and were constructed
in 2010, and temperature data were collected hourly in these ponds from 2010-2019. In
Alexander Pond, data collection ended in January 2019, but in Stender Pond it continued until
November 2019, so Stender Pond has an extra summer of data. Data from all sensors was log
transformed and z-scored to control outliers.

We obtained air temperature data from the National Oceanic and Atmospheric
Administration’s Climate Data Online database for Siskiyou County, CA (NOAA 2020). Of the
multiple air temperature sensors located in the county, we only used data from the Slater Butte
sensor. This sensor was close geographically to our study sites and was located at a more similar
elevation than other sensors.

MARSS

We used a set of multivariate auto-regressive state space (MARSS) models to test our
hypotheses about the number of temperature regimes present in the ponds and tributaries.
MARSS models take advantage of temporal correlation to estimate how a driver affects a
biological or environmental response, or process (Holmes, Ward, and Wills 2014). In our case,
MARSS models incorporate air temperature data, which allowed us to estimate water



temperature sensitivity to air temperature. We tested for different lags and introduced a 4-day lag
in our air temperature data, in agreement with water temperature buffering variation in air
temperature. We used the ‘MARSS’ R package to fit the different set of models, and compare
support for each of our four hypotheses sing multi-model inference (R Development Core Team
2020; Holmes, Ward, and Wills 2014; for more details on MARSS see Appendix I). In
particular, we evaluated relative support for each model using Akaike’s Information Criterion
corrected for small sample sizes (AlICc, Burnham and Anderson 2002).

ARIMA and Wavelet Analysis

To prepare temperature data for our wavelet analysis, we first used an autoregressive
integrated moving average model (ARIMA) to interpolate sporadic missing data in historical
temperature datasets (Knape and de Valpine 2012; for more details on ARIMA see Appendix ).
We used the ‘wavelets’ package in R with historical datasets (2010-2019) for Alexander Pond
and Stender Pond to visualize and quantify how seasonal and daily water temperature
fluctuations changed over the 9-year period (R Development Core Team 2020; Roesch 2018).
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Figure 2: Example of temperature sensor readings in May Pond (red time series) and Seiad
Creek (blue time series) just upstream of the pond’s outlet. 1-4 individual temperature sensors
were placed in each pond and creek. When a pond or creek had more than one sensor, each was
treated as a replicate in the MARSS model (May Pond only had one sensor).



Results

Temperatures in ponds in the month of July 2020 were generally cooler and more stable
than temperatures in tributary habitats (e.g. May Pond, Figure 2). Compared to tributaries, ponds
had lower daily temperature maximums, and lower daily amplitudes (i.e. the difference in daily
maximum and minimum daily temperatures). Within the same pond or tributary, different
sensors generally recorded similar water temperatures. Air temperature peaked on 20 July, and
pond and tributary water temperatures peaked around 24 or 25 July, indicating an approximately
4-day lag in water temperature response, which we accounted for by incorporating a 4-day lag
into the covariate matrix data.

The best supported model was Model 3 (AICc 877.8), supporting that four temperature
states (or thermal regimes) exist for each creek and set of ponds (Table 2). The four separate
temperature states are specifically Seiad Creek ponds, Seiad Creek, Horse Creek ponds, and
Horse Creek. The next best model was Model 1 (AlCc 880.7), which modeled 11 different
temperature states for each pond and tributary separately.

Table 2: Brief descriptions of hypotheses, model ID (numbers), and AlCc values for the four
Multivariate Autoregressive State-Space (MARSS) models considered. Model 3 (temperature
state depends on tributary) has the lowest AICc value and is therefore considered the best
supported model. Mean daily temperature was used as a variate (response) in this analysis.

Hypothesis Model Number AlCc

Eleven temperature states exist, one for each pond (9) and Model 1 880.7
one for each tributary (2)

Two temperature states exist, one that describes all ponds Model 2 906.5
and one that describes all tributaries.

Four temperature states exist, two for pond and tributary Model 3 877.8*
habitats on the first tributary, and two for pond and tributary
habitats on the second tributary.

One temperature state exists and all ponds and tributaries Model 4 940.8
have the same state.
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Figure 3: Historical hourly temperature data for Alexander and Stender Ponds, 2010- 2019.
Data collection started on the same day, but recording stopped in Alexander Pond in January
2019, while recording continued in Stender Pond until November 2019.

Using the best-fit Model 3, we evaluated the effects of air temperature on each of the four
temperature states. We did not find that air temperature was a significant predictor of water
temperature in any of the four states (Appendix 11, Figure i). We also found that pond and creek
temperatures do covary significantly, but the covariance is weak, indicating that pond and creek
temperatures are mostly decoupled (Appendix 11, Figure ii).

Finally, the wavelet analysis of Alexander and Stender Pond historical data indicated that
both ponds had strong seasonal and daily temperature fluctuations and were highly correlated in
in these fluctuations (Figure 3). However, in both ponds the strength of diel fluctuations (i.e., 24-
h period, or day vs. night) decreased over the 9-year period of record (Figure 4).

Discussion

The MARSS model comparison supported hypothesis 3, which suggests that there are
four temperature states or ‘thermal regimes’ in the mid-Klamath floodplain area: Seiad Creek
ponds, Seiad Creek, Horse Creek ponds, and Horse Creek. According to the best-fit model, air
temperature did not have a significant effect on water temperature, but we did identify significant
covariance between the four states—meaning that some coordinated fluctuations exist. Overall,
our results indicate that off-channel floodplain ponds do indeed add temperature diversity to the
mid- Klamath River floodplain habitat. Wavelet analysis for the two oldest ponds also suggest
that summer pond temperatures become more stable and fluctuated less over 9 years, likely
representing stabilizing effects of ecosystem succession and the development of vegetation.
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The different temperature patterns that we identified in Seiad Creek ponds, Seiad Creek,
Horse Creek ponds, and Horse Creek illustrate how the ponds add to temperature diversity in the
floodplain habitat. First, different tributaries (Seiad Creek and Horse Creek) have different
temperature patterns. Seiad Creek is in a more densely populated area than Horse Creek and
experiences more water abstractions. As a result, surface water on Seiad Creek disappeared for at
least 2 km downstream of Stender Pond during the study period, while Horse Creek remained
wetted throughout the length of the study area. The differences in water usage and surface water
presence between the two tributaries likely contribute to differences in temperature patterns.
Second, temperature patterns in ponds and tributaries covary slightly, but the significance of the
relationship between in the two habitats is weak (Figure ii). This weak relationship indicates that
although pond creek temperatures are connected, there is also some level of dissociation between
temperatures in the two habitats. All ponds are partially fed by groundwater and are also much
deeper than creeks, which may contribute to the decoupling of pond and creek temperatures.

Surprisingly, air temperature did not significantly influence water temperature in any of
the ponds or creeks (Figure i). Although it is conceivable that pond temperatures are primarily
driven by groundwater inputs, it was unexpected that the temperatures of shallow creeks are not
significantly influenced by air temperature. It is possible that the location of the air temperature
recording station did not accurately reflect the air temperature in the tributary valleys, and future
data collection should include on-location air temperature measurements.

The diversity of temperature regimes identified in our analysis likely provides critical
temperature refuges for juvenile salmonids. The existence of separate pond and creek
temperature states shows that the ponds create an alternate temperature regime within the
tributary watershed. This allows juvenile salmonids to access optimal water temperatures by
moving between the pond and creek habitats, and creates a portfolio effect that buffers the
salmonid population against temperature extremes (Schindler et al. 2010). Furthermore, although
we did not place temperature sensors deeper than 1.5m, most of the ponds had a maximum depth
of 2-3m, and water temperatures at that depth are likely cool and stable and further add to the
temperature portfolio.

The importance of Klamath tributaries as cool-water refuges has already been
established. A study that investigated juvenile salmonid foraging activity in the mainstem
Klamath River and several tributaries found that while juvenile salmonids obtained most of their
food from the mainstem, they spent most of their non-foraging time in the cool water refuge of
tributary mouths (Brewitt, Danner, and Moore 2017). This indicates that a variety of temperature
regimes and foraging opportunities are essential to healthy juvenile salmonid populations in this
watershed. We suspect that the cool, stable temperatures of the off-channel ponds may function
similarly to cool tributary mouths on the mainstem by providing a diversity of temperature and
foraging options. Additionally, a more detailed study on juvenile salmonid movement between
the mainstem Klamath River and the Beaver Creek tributary mouth indicated that juvenile
salmonids moved into cooler water when mainstem temperatures exceeded about 22°C (Sutton et
al. 2007). While tributary temperatures recorded during our study period rarely exceeded the
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Figure 4: Diel fluctuations in temperature in (A) Alexander Pond and (B) Stender Pond
decreased over 9 years, especially in the summer, likely as a result of increased canopy cover.
This wavelet diagram shows the amplitude of these fluctuations on an hourly scale. In this
diagram, the y-axis represents “‘frequency”, or periodicity, in hours (for example, there are
significant temperature changes in a 24-hour period), and the x-axis represents “location”, or
time, in years. Colors represent the strength of a recurring temperature fluctuation, against a
background of red noise (positive temporal autocorrelation): red represents strong positive
autocorrelation at a given period and time (for example, the strongest temperature fluctuation
occurs at a 1-year period, or every ~8,760 hours).
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22°C threshold, it is conceivable that some juvenile salmonids in the tributary would seek cooler
water and more stable temperatures in the off-channel ponds. Additionally, mainstem
temperatures exceeded 24°C during our study period (data not presented), and it is likely that at
least some salmonids taking refuge in tributary mouths would move upstream to the ponds. Cool,
stable water temperatures are also critical to fish trapped in the ponds if outflow channels dry up
in the summer (Lower Seiad, Durazo, and Stender outflows were dry in July 2020).

The two oldest off-channel ponds developed more stable summer temperatures over time.
This is somewhat evident in Figure 3, where the “fuzziness” of the lines (caused by diel
fluctuations in temperature) decrease over the years. We examined this trend with wavelet
analysis of hourly temperature data from 2010-2019 in Alexander and Stender Ponds, which
showed that the diel amplitude in the summer decreased over the 9-year period (Figure 4). The
downward trend in daily temperature fluctuations was also observed by MKWC in their off-
channel habitat case study monitoring reports for Alexander and Stender ponds (MKWC 2020;
Wickman et al. 2020), and our wavelet analysis confirms this pattern. As suggested by the
MKWC reports, we suspect the growth of riparian vegetation and development of a well-shaded
canopy after pond construction contributed to this stabilizing pattern.

Adequate canopy cover is often considered beneficial for salmonids, but some studies in
the lower Klamath have shown that the biomass of adult trout increases when canopy cover
decreases (Wilzbach et al. 2005). However, this pattern was only observed for mature trout, and
most of the salmonids using the off-channel ponds in our study are young of the year Coho
Salmon that do not usually stay in the system longer than one year (Toz Soto, personal
communication). Although we did not analyze data to substantiate this relationship, we suspect
that a modest increase in canopy cover may be beneficial in this case because it creates cooler
and more stable water temperatures in the summer, when creek temperatures tend to be most
stressful.

Future Monitoring

Our study supports the notion that constructed, off-channel floodplain ponds can increase
the diversity of thermal regimes in the Klamath watershed. As warm water temperatures and
dam-altered flows continue to impact fish movement and fitness, and plans for dam removal
move slowly, the construction of off-channel ponds may be a valuable restoration technique for
creating much-needed salmonid habitat. Additionally, our analysis highlights how thermal
regimes change over time, with canopy cover likely contributing to stabilize pond water
temperatures. As new ponds are constructed in other areas of the watershed, planting of native
riparian vegetation after construction may accelerate the restoration of thermal refugia.

Future studies should focus on connecting temperature patterns in the ponds and creeks
with fish population and movement data. Extensive fish population monitoring by the Karuk
Tribe has generated a rich dataset of salmon population, diversity, and age structure in these
ponds and creeks. Although we did not analyze the Tribal fish dataset in this study, we
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acknowledge that such information could be combined with temperature data to provide valuable
insights to how and why salmonids use the ponds.

Detailed foraging and movement studies would also contribute to our understanding of
how the ponds benefit fish. As suggested in the MKWC monitoring report for Alexander Pond
(Wickman et al. 2020), the reduction in daily temperature fluctuations in the pond allows for
metabolic savings for Coho Salmon, but the details of fish movement between pond and creek
habitats and the impact on metabolism is not fully understood. Fish movement and foraging
studies have been conducted in the mainstem Klamath and tributary mouths that show fish tend
to feed in the mainstem Klamath but spent most of their time in the cooler tributary mouths, and
we suspect similar patterns may occur between tributaries and off-channel ponds (e.g. Brewitt et
al 2017; Sutton et al. 2007). One way to examine the mechanisms at play would be to install PIT
arrays at the outflow of the ponds year-round, which would substantiate fish movement and
behavior during the summer, when cool ponds become important refuges.

Conclusions

We found different temperature patterns or ‘thermal regimes’ in Seiad Creek, Seiad
Creek ponds, Horse Creek, and Horse Creek ponds, which indicates that off-channel ponds
contribute significant temperature diversity to the mid-Klamath floodplain habitat. We also
found that daily fluctuations in water temperature in ponds decreased over time, likely due to
ecosystem succession and an associated increase in canopy cover in the years following pond
construction. Further studies should connect temperature patterns with fish population and
movement data and examine the mechanisms that may stimulate fish to use constructed, off-
channel ponds as refugia. Overall, this preliminary analysis characterizes the thermal benefits of
off-channel floodplain ponds in the mid-Klamath river. We hope it will support and inform
future construction of additional ponds and the collection of fish population and movement data.
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Appendix I: MARSS and ARIMA

MARSS

The multivariate auto-regressive state space model (MARSS) is ideal for investigating
environmental time series data because it takes advantage of temporal correlation in
environmental variables to estimate how a particular driver affects environmental processes
(Holmes, Ward, and Wills 2014)(lves et al. 2003; Ruhi et al. 2015). The MARSS model also
incorporates observation error, which may include sampling error, measurement error, and any
other variability in the measurement of an environmental variable. Accounting for observation
error is critical because it can drastically change our interpretation of the underlying
environmental process (Knape and de Valpine 2012). The MARSS model is able to separate
observation error from true process variability because observation error does not influence
current or future temperatures, it only affects our measurements (Holmes, Ward, and Wills
2014). MARSS models can also incorporate environmental covariate data, which allows us to
quantify the effects of external drivers on the process of interest (Ruhi et al. 2015). In our case,
this allowed us to correct for variation in daily temperatures. We used the MARSS R-package (R
Development Core Team 2020; Holmes, Ward, and Wills 2014). The MARSS model can be
expressed as follows:

(Eqn 1) Xt = BXt1 + U + Ccra + Wi, where wy ~ MVN(O, Q) (Process model)
(Eqn 2) Yi=ZXi+ A + v, where vi ~ MVN(0O, R) (Observation model)

Most of these variables are expressed as matrices, which allows the model to handle multivariate
data. X: represents true process values over time (in this case, true water temperature), and Yt
represents temperature measurements over time as a function of Xtand ct.4, which are
environmental covariates (i.e. air temperature) that are lagged by four days (i.e. air temperature
data from 3-24 July 2020). C is a matrix that describes the effects of the covariate on each state.
B is an interaction matrix that models the effect of states on each other. U is a matrix of trends in
true process values. w is a matrix of process error (i.e. white noise), and the process error at time
t is a multivariate normal with mean 0 and covariance matrix Q. In the observation model (Egn
2), Z is a matrix that defines the distribution of states in the dataset. A is a vector of trends or
biases between sensors. v is a vector of observation errors, and the observation error at time t is a
multivariate normal with mean 0 and covariance matrix R.

Process Model

Air temperature values from 3-24 July 2020 were used to populate the ¢ matrix. The C
matrix was set to “unequal”, since we expected the effects of air temperature on each sensor to
depend on its location in the floodplain (i.c. state). We set the B matrix to “identity” because
there were no density-dependent interactions between sensors or states. We set the U matrix to
“zero” because the data was demeaned before being used in the MARSS model, thus removing
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any trends from the data. The Q matrix was set to “unconstrained” because we expected some
covariance between sensors, especially those located in the same pond or tributary.

Observation Model

We set A to “zero” because our data was demeaned, so there were no biases in any
particular sensor. We made the R matrix “diagonal and equal” because all the sensors were the
same make and model, so we expected observation error to be the same across all sensors.

We manipulated the Z matrix to test our hypotheses. To test hypothesis 1 (eleven
temperature states), we used a Z matrix (30x11) to group sensors by pond or creek. To test
hypothesis 2 (two temperature states), the Z matrix (30x2) grouped ponds together and creeks
together. For hypothesis 3 (four temperature states), the Z matrix (30x4) grouped ponds and
creeks by tributary. To test hypothesis 4 (one temperature state), the Z matrix grouped all sensors
together (30x1). We evaluated relative support for each model using Akaike’s Information
Criterion corrected for small sample sizes (AlCc, Burnham and Anderson 2002). We analyzed
the effect of air temperature using 95% confidence intervals with 3000 bootstrap iterations.

ARIMA and Wavelets

We used an autoregressive integrated moving average model (ARIMA) to interpolate
missing data in historical temperature datasets. This model is generally expressed as ARIMA(p,
d, q), where p is the order of the autoregressive model, i.e. the dependence of the model on prior
values; d is the order of non-seasonal differences, i.e. degree of differencing of raw observations;
and q is the order of the moving average, i.e. the model’s dependence on longer term values.
After identifying the best-fit ARIMA model, we used the Kalman filter to interpolate missing
data (Knape and de Valpine 2012), which was used in wavelet analyses.

Wavelet analysis allows us to identify the contribution to each frequency to the power of
an environmental regime or pattern (Tonkin et al. 2017). This allows us to see how the power of
a particular variable (for example, season) to influence an environmental regime (for example,
water temperature) (Torrence and Compo 1998).
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Appendix Il: MARSS Covariates and Variance/Covariance

Air Temperature

Figure i: Maximum likelihood (ML) effect of air temperature on each state (Seiad Creek ponds,
Seiad Creek, Horse Creek ponds, and Horse Creek, red dot) and 95% confidence intervals
(lines). Air temperature did not have a significant effect on any of the ponds or creeks.
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Variance and Covariance

For the best-fit model (Model 3), we found that variance and covariance (Q) were
significant in all cases. “Diagonal” values (i.e. Q(1,1), Q(2,2), etc.) represent stochastic variation
within a site, or variation that cannot be explained by covariates like air temperature (Figure iiA).
“Off-diagonal” values (i.e. Q(1,2), etc.) represent spatial synchrony in stochastic variation
between two sites (Figure iiB). For example, the covariance between state 3 (Horse Creek ponds)
and state 1 (Seiad Creek ponds) is significant but weak. The covariance between state 2 (Horse
Creek) and state 1 (Horse Creek ponds) is more strongly significant (Figure iiB).
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Figure ii: (A) ML effect of stochastic variance (diagonals) in each site (red dot) and 95%
confidence intervals (lines). (B) ML effect of stochastic covariance (off-diagonals) between sites

(red dot) and 95% confidence intervals (lines). The black line in each figure is zero, and if the

confidence intervals cross zero, the ML estimate is insignificant.
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