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Background

The Laguna Madre provides critical habitat
for fish, shellfish, and sea turtle species.
Changes in water temperature regimes
can stress marine organisms, disrupt
breeding cycles, and alter ecosystem
dynamics. Therefore, understanding
temperature extremes and trends over
time can improve identification of
potential risks to the ecosystem. We used
a percentile-based approach to identify
days with extreme average temperatures
and assess how trends in extreme day
frequency, duration, and intensity
changed over time. We also tested for an
overall trend in water temperature by
analyzing weekly means.

ldentifying Extreme Days

Daily mean water temperature was
calculated from 15-min interval data
collected at South Bird Island monitoring
station (coordinates 27.484346, -
97.318143) from 2009-2023. Dates were
then grouped into either a reference period
(first 10 years) or recent period (last five
years) following PAIS vital signs protocols.
Days with daily mean temperatures
outside the 5" (11.9 °C; 53.4 °F) and 95"
(80.9°C; 87.6 °F) percentiles for the
reference period were classified as cold or
warm extremes, respectively. Days
missing more than 20% of their possible
observations were removed prior to
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analysis. For the remaining days, an
average of 31.6 days peryear (15.8 cold
and 15.8 warm) were identified as extreme
temperature days for the reference period.
Note that this percentile-based approach
does not necessarily identify days where
water temperatures were stressful to
marine organisms, and some “extreme”
days may still fall within an organism’s
thermal tolerance.

Extreme Days Analysis

Differences in frequency, duration, and
intensity of extreme temperature days
were compared between the reference
and recent periods. Frequency was
defined as the average number of days
classified as extreme per year. Duration
was assessed by counting runs of extreme
temperatures, where each run
represented two or more consecutive
extreme temperature days. Intensity was
calculated for extreme days only, defined
as the absolute difference between a
day’s mean temperature and its
corresponding cold or warm threshold.
Higher values indicate a greater deviation
from the threshold.

Temporal Trend Analysis

In addition to the extreme day analysis, a
statistical test for an overall trend in water
temperature was performed using weekly
mean water temperature as the response




variable. Weekly mean water temperature
was calculated for all weeks across the
record, with weeks missing more than 20%
of their possible observations removed
prior to calculation. A generalized additive
mixed model (GAMM) was then used to
test for a temporal trend in weekly mean
water temperature. Weekly means were
used instead of daily means to reduce the
risk of model bias due to confounding
temporal autocorrelation.
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Fig (i) Water temperature observations
from 2009-2023, colored by extreme day
type. Dashed red and blue lines indicate
thresholds for extreme warm and cold
temperatures, respectively.

Key Findings

The frequency of extreme warm days
increased substantially in the recent
period, while extreme cold days became
less common. Intensity for both warm and

cold extremes was also higherin recent
years. Warm run frequency rose slightly,
and cold run frequency declined slightly,
with no meaningful change in run duration
for either type. However, no long-term
trend was detected in mean weekly
temperatures. Overall, these results
suggest that even without a clear trend in
average water temperature, extreme warm
events are becoming more frequent, more
intense, and somewhat more persistent.
Further, although extreme cold days
occurred less often, those that did occur
were more intense in recent years.

Extreme Day Frequency

e Between the reference and recent
time periods, the average
frequency of extreme warm days
increased from 15.8 to 38.4 days
peryear, while average frequency
of extreme cold days decreased
from 15.8 to 13.5 days (Fig. ii(A)).

Extreme Day Intensity

e Forextreme warm days, average
intensity increased from 0.4°C (0.5
°F) to 1.5°C (2.7 °F) between the
reference and recent periods.

e Forextreme cold days, average
intensity increased from 2.2 °C (4.1
°F) to 2.9 °C (5.2 °F) between the
reference and recent periods.

Run Frequency

e The average number of warm runs
peryearincreased from 3.1 t0 4.8
between the reference and recent
periods




The average number of cold runs
peryear decreased from 3.7 to 2.4
between the reference and recent
periods

Run Duration

The average duration of an extreme
warm run increased from 4.5 days
to 7.6 days between the reference
and recent periods. However, this
increase was primarily dueto a
heatwave during the summer of
2023. If 2023 data were removed,
the average duration of warm runs
in the recent period was 5.3 days.
The average duration of an extreme
cold runincreased from 4.1 days to
4.4 days between the reference and
recent periods

Temporal Trend Analysis

The estimated temporal trend was
not statistically significantat a =
0.05, with confidence intervals for
the trend estimate ranging from a -
0.01to 0.15°C change in mean
water temperature per year
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This report is based on water temperature data recorded at South Bird
Island from 2009-01-07 through 2023-12-31. These findings may be
subject to change as future data are added through ongoing monitoring.



Contents

2 F=Tod ¢ ={ (o 10| o Lo IS PO PP PR PP PP 1
L= 1 g o o £ PPN 2
Data Collection Related Uncertainties in Long-term Time SerieS....c..cccveviviiieniiienininnnn.n. 2
SUMMArY Of MiSSING DaAta....iuieiiiiiiiiiii ettt e e e e ae e e e e enaanan 3
Characterizing SEaSONALITY «..vu ittt e e eee e e e eneeanaans 6
EXIremME Days ANalY SIS cu it ettt ettt ee et ea et eaaaaaaaaaaaan 7
Extreme Days Classification and FrEQUENCY ...eeveiniiiiiiiiiieiiiiieeeeeeeeeeeeeieneeeneaeans 7
Percentile Selection ConsiderationS........vuiuiiiiiiiiiiiiiii e, 7
Extreme TemMpPerature RUNS ...t ee et et ee e e et e e et e e e eneananeans 8
EXTrEemME Day INteNSITY . cu ittt e e as e e e e e e e enenansnannes 8
TemMpPOral TrENA ANALY SIS c.uniniiei ittt et et e st e eae e enseaaneaaneanaensennn 8
Data Pre-processing for a Trend ANALYSiS c.ueu v iuiiiiiiniiieieiiieer ettt e e eeeeeneens 9
MOAELSTIUCTUNE et e et et e e s e e e e e eaaee 9
Choosing the Basis DimMeENSION. ...t e e e e e e eaanan 10
MOl ValidatioN ....ueieeiiii et et e e eaae 11
Checking for Bias Due t0 2023 HEATWAVE .....cuiiiniiiiiii et eeee e e e e eaas 11

An Exploratory Analysis Using a Nonlinear Term for the Trend Variable..................... 12
RESULES . ceuiiitiii i et aae 12
Characterizing SEaSONAlITY c.uvu it et e et e e e e e e e san e eaaanan 12
EXIrEemME Days ANAlY SIS ouiuiniiiiiiiiiiiieie it r e e e ettt e e e easasaeasaesetesasnenenenenenensenes 15
=T Tl B E= (A ol (=Y o [ U1=] o o) P 16
EXTrEmME DAy RUNS .ttt ettt e e ettt e et s s s s e enenenenanennes 18
EXTremMeE Day INteNSITY .cu it e e ae e e e e e e e e e enanaanes 20
TempPoral TreNd ANALY SIS ot e e e et e e e e e e e sasaeaetenesasnenensnnn 21
LGNV K L GRT: 1T 1Y T 23
EXTrEmME Days ANAlY SIS couininiiiiiiiiiiiiii it e e ettt e e e et eaeaeae e e e e e e e e aaaaaes 23
TempPoral TreNd ANALY SIS o e e e e e e e e e e e e aeaeaaaasasesasnsnsnsnss 23
REFEIENCES .. iiuiiiiiiiiiii et aae 24
7Y o] o1= o o | el N 27

P Y o] o1=T oo |1 dl | R PP PP PSP 31



An Exploratory Analysis Using a GAMM with a Non-linear Term for the Trend Variable... 31

Some warnings about this Method:.....c.ouiniiiiii e e 34



Figures

Figure 1 Data completeness by month for all included years. Gray bars represent recorded
observations, while red outlines show total possible observations. Missing data
corresponds to the white space between gray bars and red outlines........ccceeevevivinininnnnen.. 5

Figure 2 Heatmap of missing data by month and year. Darker colors indicate a greater
Proportion Of MISSING Aata. cuiuivieiiiiiiei e e ettt e e s es e e e reeeenenensnensnsanes 6

Figure 3 Plot of raw temperature data by date. .....cceuieiiiiiii e, 13

Figure 4 Daily mean temperature by day of year using the water year calendar. Colored
shading used to indicate binary cold and warm seasons. The anomalously high points for
June through August are the 2023 heatWaVe. .......cuviiiiiiiiiirer et e e eees 14

Figure 5 Density plot of daily mean temperature by time period (reference is 2009-2018
and recent is 2019-2023). Dashed black lines indicate the 5th and 95th percentile
thresholds (11.9 and 30.9 °C, respectively) for the reference time period. Rug plots along
the x-axis indicate INAIVIAUAL dayS. ..i.iuieieiiiiiiiiiiir e e e aseeee e re e eeananenss 16

Figure 6 Daily mean temperature for the reference and recent period. Red points are
extreme warm days and blue points are extreme cold days. The red and blue dashed lines
indicate the 11.9 °C and 30.9 °C thresholds for the 5" and 95" percentiles for the reference
PEFIOU, FESPECIIVELY. ..ttt ittt e e et et e e e s easasaeasaeaaeenenenenensnsnsnnes 17

Figure 7 Frequency of extreme days by year. Dashed black lines indicate the divide
between reference and reCeNt PEIHOAS. .iiiiiiiiiiiiiiiee i rr e e e e e e e e enaaaes 18

Figure 8 Run frequency (A) and mean run duration (B) by year. Dashed black lines indicate
the divide between recent and reference Periods. ....cccviiiiiiiiiiiiiiiiii e 19

Figure 9 Annual mean intensity of extreme days by extreme type. The dashed black line
separates reference and recent periods. Note that 2020 did not have any extreme cold
(o £ )Y T PRSPPSO 21

Figure 10 Partial effect of fracyear on weekly mean temperature. This figure depicts the
non-linear relationship between time of year and water temperature. The y-axis indicates
the change from the model’s global mean temperature (i.e., intercept) in °C. The lower x-
axis shows the fractional time of year, and the upper x-axis shows the corresponding
month. Note that month positions are appProXimate......c.ceeeeeiiiiiiiiiii e, 22



Tables

Table 1 Summary statistics for water temperature (°C) by month and binary season (data
COMDBINEA ACIOSS YBATIS). tuiuiininiiii ittt et ettt eneeeaneaatenseaensaesnsenesnseasnsens 15

Table 2 Summary statistics for the run frequency and duration analysis by period
(reference = 2009-2018 and recent = 2019-2023) for years with runs. Units are in number of
(o =)V 3 (o] o}« A P PO PO PP P PRSPt 20



Appendix Figures

Appendix Figure 1 Observed versus fitted weekly mean temperatures for GAMM models
with cubic cyclic spline basis dimensions of 3 and 5. Points closer to the diagonal indicate
better model fit. The red line should be straight if no heteroskedasticity remains in the
model. Note the slight curve in the red line when the basis dimensionis setto 3. ............ 27

Appendix Figure 2 Intensity scores for cold and warm extreme days colored by time period
(reference = 2009-2018 and recent = 2019-2023). Points are jittered along the x-axis by 0.1
years for easier visualization. The y-axis coordinates are not jittered...........ccccviiiiiiinn.n. 30

Appendix Figure 3 Estimates of the slope of centered decimal date for the final model
(labeled here as “Random Intercept”) and a model with a tensor smooth on centered
decimalyear. Note that the confidence intervals around the estimate for the “Smooth on
Trend Variable” model are likely wider than were calculated by the slope estimation

o] o Te1=To (U1 £= T PP 33
Appendix Tables
Appendix Table 1 Summary of missing observations across months.........cccccoeveviinnnen.. 28

Appendix Table 2 Comparison of the GAMM with and without data recorded during the
2023 heatwave included. Estimates are coefficient estimates. The estimate for
cent_dec_date is the trend estimate. Values for the Cl column are the 2.5" and 97.5"
percent confidence intervals, respectively. Note that the confidence intervals for
cent_dec_year cross zero for both models, meaning the true slope may be zero. P is the p-
Value fOr the ParamEter. (.ot e e e s e e e e e e e e e e enenanannes 29



Background

Water temperature is a vital component of aquatic ecosystems due to its influence
on ecosystem structure and function. However, changing water temperature conditions
have caused concern for the future of aquatic ecosystems. Water temperatures are rising
globally due to climate change, and warming rates are unequal across ecosystems
(Barnett et al., 2005; Abraham et al., 2013; Gleckler et al., 2016). Of the aquatic
ecosystems threatened by climate change, estuaries are especially vulnerable to
increases in water temperature because of their shallow depths and limited exchange with
the ocean (Scanes et al., 2020). Increasing estuary temperatures may disrupt these
ecosystems by altering community structure and biogeochemical cycling (Hamilton, 2010;
Grilo et al., 2011; Boucek and Rehage, 2014; Testa et al., 2018)..

The Laguna Madre is one of the largest hypersaline estuaries in the world and
provides critical habitat for a variety of sea turtles, fish, and birds (Watson, K. 2005). This
ecosystem may be particularly vulnerable to increasing temperatures due to its shallow
depth and clear water. For instance, increasing water temperatures can be associated
with reduced dissolved oxygen content (Matear and Hirst, 2003; Ni et al., 2019), excluding
aquatic organisms with narrow thermal ranges (Madeira et al., 2012; Waltham and
Sheaves, 2017), and damaging vital sea grass habitat (Echavarria-Heras et al., 2006; Collier
and Waycott, 2014; Shields et al., 2019). Given Laguna Madre’s ecological significance,
water temperature has been measured continuously for over 15 years at South Bird Island,
Texas. However, few studies have quantified how temperatures may have changed in the
Laguna Madre over this timespan (Adams Tissot 2007).

To determine how average water temperature conditions have changed over time,
we analyzed 15 years of water temperature data collected near South Bird Island in the
Laguna Madre (coordinates 27.484346, -97.318143). Through discussions with the
Network Pl and Program Manager, and in conjunction with Network protocols, the
following objectives were defined for this study as 1) characterization of the seasonality of
the system, 2) comparisons in frequency, duration, and intensity of extreme temperature
days between an initial reference time period (2009-2018) and a recent time period (2019-
2023), and 3) performance of a statistical test for a temporal trend in average water
temperatures. In combination, these analyses provide a multipronged approach to
examining if and how water temperature dynamics have changed over time.



Methods

To accomplish the above objectives, methodological steps included consideration
of missing data (i.e., individual times without a temperature data record), seasonality,
“extreme” days (i.e., the days with mean temperatures in the upper or lower percentiles),
and estimating a temporal trend. Some of these analyses required additional data
processing steps, which are described in more detail below. We also note some other
reported or observed challenges for maintaining consistency across a multi-year
continuous monitoring effort.

Data Collection Related Uncertainties in Long-term Time Series

Long-term monitoring presents many challenges for maintaining data quality and
consistency. Below are methodological challenges encountered in the dataset and the
associated analytical decisions chosen for this report.

o Sampling frequency - In long-term monitoring, changes in sampling
frequency may be necessary to account for environmental conditions or to
achieve the desired resolution. In this dataset, temperatures from 2008-06-
02 to 2009-01-06 were recorded every 30 minutes. However, the recording
frequency was increased to 15-minute intervals after 2009-01-06.
Observations collected prior to the change to 15-minute sampling intervals
were removed to maintain resolution consistency across the time series.

o Missing data - Partial years of data (i.e., missing data) are common in long
time series. While the full dataset included data from the years 2008 and
2024, 2008 only contained data from June through December, and 2024 only
contained data from January through April. Given the potential sensitivity of
the extreme days analysis to missing entire seasons, particularly the hottest
or coldest times of the year, we removed all 2008 and 2024 data prior to
analysis.

o Gear consistency — Updating sampling equipment can be necessary for
reasons such as device obsolescence or damage. However, equipment
changes can introduce uncertainty due to differences in precision and
accuracy.

= Datafrom 2008-06-02 to 2022-03-04 were collected using a YSI 6600
multiparameter sonde. This sonde model was later replaced by a YSI
EXO2 sonde which was deployed on 2022-03-14 at 9:15pm. We were
unable to directly assess the influence of sonde model on the
temperature records because overlapping data for both sonde



models were not available. If both sonde models were deployed side
by side (e.g., for at least a month), then the difference in variability
due to the equipment change could be compared more directly. Data
for both sondes were compared visually and with summary statistics,
and no obvious changes in temperature variability, precision, or
patterns were observed.

= |n addition to changing sonde models, an anti-fouling device was also
installed in April 2013 to control biofouling. The principal investigator
(PI) at the time of writing this report indicated that the device greatly
reduced the frequency at which sensors failed due to biofouling. No
clear change in temperature variability around the time when the
device was installed was observed during data exploration, and we
did notincorporate this change into the trend analysis model.

o Quality control and assurance (QAQC) - QAQC protocols are also
sometimes changed as long-term monitoring progresses. Notes
accompanying the data in Aquarius, the National Park Service’s (NPS)
continuous water quality parameters database, indicated there were
intermittent periods where QAQC was not applied to the data. However, it
was not always clear which data did not undergo QAQC. Further, the details
of when this period of uncertain QAQC occurred were not explicitly provided
to the author of this report, possibly because this information was unknown.
Allinformation regarding QAQC uncertainty was provided via email by the PI
for the Inventory and Monitoring Division — Gulf Coastal Network at the time
of writing this report.

Summary of Missing Data

Nonrandom missingness of temporal data can be influential to its interpretation
and analysis. Therefore, we summarize temperature missingness at multiple levels
including observational (15-min), monthly, and yearly intervals. After removing 2008 and
2024 data, temperature data were missing for 50,260 of a possible 525,216 observations
(~10% missing). Missingness was unequal across months, ranging from 5% for January
(aggregated across all years) to 21% for August (Fig. 1). August and November had the
most missing data with 19% missing for November. The high November missingness rate
was driven primarily by the years 2016, 2018, and 2023 where 92%, 70%, and 100% of their
possible observations were missing, respectively (Fig. 2). August experienced 8 years with
at least 10% of data missing. However, the remaining 7 years contained little to no missing



data for August, and these years were distributed throughout the full record rather than
temporally clustered.

Itis currently unclear why August and November had such higher rates of
missingness or what caused these data gaps given that missingness rates for other
summer and autumn months were below 13%, with most months having less than 10%
missingness (Appendix Table 1). The high frequency of missingness for August may
indicate systemic (i.e., nonrandom) missingness in the data. However, because August
missingness was not consistent across consecutive years, the temporal trend model can
still be estimated through years with incomplete August data, reducing the potential for
systematic bias. Unlike the temporal trend analysis, the extreme days analysis directly
compares observed counts between time periods without modeling underlying trends. If
August data are disproportionately missing in one period, this comparison may be biased
because there is no way to estimate extreme day frequency during periods of missing data.
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Figure 1 Data completeness by month for all included years. Gray bars represent recorded
observations, while red outlines show total possible observations. Missing data
corresponds to the white space between gray bars and red outlines.



Missing Temperature Data Heatmap
Darker colors indicate higher percentage of missing data
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Figure 2 Heatmap of missing data by month and year. Darker colors indicate a greater
proportion of missing data.

Characterizing seasonality

Seasonality was characterized using a combination of plotting and summary
statistics. Monthly means, medians, ranges, and interquartile ranges were calculated.
Raw data were plotted by day of year to evaluate how seasonal patterns differed across
years. These comparisons allowed us to describe both the timing and magnitude of
seasonalvariation in temperature.



Extreme Days Analysis

Extreme Days Classification and Frequency

A percentile approach was used to classify days as having non-extreme or extreme
temperatures. Note that the designation of a day as non-extreme or extreme using this
method is a purely statistical approach and not related to ecological thermal thresholds
for a specific species or aquatic community. First, dates missing more than 20% of their
observations were excluded from the analysis to ensure robust estimates of daily mean
temperatures. Daily mean water temperatures were then calculated. The time series was
then divided into a reference or a recent time period. Data collected from 2009-2018 were
classified as reference while data from 2019-2023 were classified as recent, yielding 3,160
days for the reference period and 1,734 days for the recent period. Percentiles for mean
daily water temperatures for the reference period were then calculated. Days with mean
daily temperatures below the 5" percentile were considered extreme cold days. Days
above the 95" percentile were considered extreme warm days. This means that
approximately 316 (10%) of the days from 2009-2018 were considered extreme. Assuming
that the distribution of water temperatures was consistent across years for the reference
period, this reduces to around 15.8 days per year for each extreme type (31.6 total extreme
days per year).

The 5" and 95" percentiles temperature thresholds calculated using the reference
period data were then compared to daily mean temperatures for the recent period. If there
were no differences between reference and recent periods, then around 10% of the mean
daily temperatures (around 174 days) would be expected to fall outside the 5" and 95"
percentile thresholds of the reference data. When extreme temperature days (either warm
or cold) exceeded 5% of the days for the reference period, that extreme type showed an
increase. When they fell below 5%, that extreme type showed a decrease compared to the
reference period.

Percentile Selection Considerations

The choice of which percentiles to use to define extreme events inherently has
some degree of subjectivity. The Intergovernmental Panel on Climate Change suggest
using the 10" and 90" percentiles as thresholds for extreme events, although they
acknowledge that these thresholds may not apply for all datasets, and domain knowledge
should ultimately guide the decision (IPCC, 2014; Camuffo et al., 2020). We selected the
5™ and 95" percentiles to have a relatively conservative threshold while still retaining
enough data to make a robust comparison between reference and recent conditions. We
believe this decision was appropriate in the context of this study, but we recognize that
these thresholds may not be appropriate for other datasets or the current dataset once
additional data are added. An iterative approach where different percentile thresholds are
compared would provide an estimate of how results might change depending on the



definition of an extreme value. However, this type of sensitivity analysis was beyond the
scope of this study. If the goal of a similar analysis is to determine if trends in water
temperature are affecting specific species of concern, thresholds should be determined by
the species’ thermal tolerance range rather than by water temperature percentiles.

Extreme Temperature Runs

The quantity and duration of extreme temperature days was evaluated by
calculating the number of runs, defined as two or more consecutive days of extreme
temperatures, and the number of days each run persisted. While the number of extreme
cold orwarm days in the reference period was defined at 5% for each extreme type, the
number of runs depends on the timing of extreme days and can differ across years. Mean
run frequency and duration were calculated for reference and recent years and compared.
Yearly counts of runs were also calculated to compare within-period variability.

Extreme Day Intensity

The magnitude of extreme days was also evaluated for the reference and recent
periods using an intensity score. For each extreme day, intensity was calculated by
subtracting the daily mean from the 5" and 95" percentile threshold values for the
reference period and then taking the absolute value of the result (Equation 1). This means
that intensity values are always positive, with larger values indicating a greater difference
between the threshold vs observed temperature. Average intensity scores for both extreme
types were then compared between periods to quantify changes in intensity over time, as
well as across years more generally. The ecological significance of increases in extreme
event intensity is highly dependent on the species or ecosystem process of interest, and
the potential ecological effects of changing intensity are not addressed in this report.

Equation 1:
Intensity; = |reference temp.threshold — daily mean temp;|

where Intensity; is the intensity score for an extreme day (i), daily mean temp; is the daily
mean temperature of an extreme day, and reference temp. threshold is the value of either
the 5™ or 95™ percentile of the daily mean temperatures for the reference period. The
absolute value of the difference between daily mean temp; and

reference temp.threshold is taken so that all intensity values are positive.

Temporal Trend Analysis

While the extreme days analysis helps inform how temperature extremes are
changing, a single value representing the relative change in mean temperature is also often
desired due to its intuitive interpretation. Therefore, we tested for a temporal trend in the
average change in water temperature per year. Weekly means were selected over



individual points or daily averages to reduce temporal autocorrelation which could not be
robustly controlled otherwise. Averaging across weeks does reduce data resolution and
statistical power, but this approach provides greater confidence in model results. Changes
in mean water temperature related to seasonality were accounted for by the inclusion of a
covariate representing the time of year during which an observation was recorded

Data Pre-processing for a Trend Analysis

Weekly mean water temperature was calculated using data collected from 2009-
01-07 through 2023-12-31. Sundays were selected to represent the start date for each
week. Weeks missing more than 20% of the possible 672 observations were excluded from
the analysis. We removed observations from the analysis if they were recorded before the
first Sunday or after the last Sunday in the dataset. This resulted in weekly mean data for
2009-01-07 and 2023-12-31 being removed.

Several additional variables were calculated for inclusion in the temporal model to
create a “trend” variable, account for seasonality, and account for the temporal
autocorrelation between weeks. First, dates for each Sunday were converted to decimal
dates. A decimal date is a way of representing a date as a single decimal number, where
the integer part represents the year and the fractional part represents the position within
that year. For example, 2009-01-01 would be represented as 2009.000 (the start of the
year), while 2009-12-31 would be approximately 2009.997. To account for seasonality, the
fractional part of the decimal dates (i.e., values after the decimal) was extracted by
subtracting the year component from each decimal date. The results were assigned to a
variable called “fraction of the year” (abbreviated as fracyear) which represented the time
of year that a sample was recorded. To create the “trend” variable, decimal dates were
centered by subtracting the overall mean decimal date, yielding a variable called
“centered decimal date”. A statistically significant relationship between centered decimal
date and weekly mean temperature would indicate the presence of atemporaltrend in
weekly mean temperature. A third variable called “week index” was created to identify the
chronological position of a week in the record. This variable was needed to inform the
model of where gaps between consecutive weeks occurred when decomposing the
temporal autocorrelation in the model. Lastly, a variable called “binary seasonality” was
created to account for unequal variance in temperatures between a warm season (May-
September) and cold season (October-April) identified during data exploration.

Model Structure

We modeled weekly mean temperature using a generalized additive mixed model
(GAMM) with a fixed linear effect of centered decimal date, a cyclic smooth of fracyear with
a basis dimension of k =5, and a random intercept for year. Sonde model was originally
included as a covariate to account for the replacement of the YSI 6600 with the new YSI



EXO2 but ultimately was removed due to collinearity with centered decimal date. Residual
errors were modeled with a Gaussian distribution, allowing for unequal variance by binary
season. A first-order autoregressive (AR(1)) temporal correlation structure using week
index as a time covariate was also included to account for temporal dependence between
samples.

The final model was (equation 2):
Y; i~ Bo + PiCentered Decimal Date;, + f(fracyear;) + b, + €;;

where Y; ; is the mean temperature for week (i) of year (t), f, is the global intercept, f3; is
the fixed effect slope for centered decimal date, f(fracyeari,t) is a cyclic smooth function
for fracyear, modeled with a cubic spline basis (k =5), b; is a random intercept adjustment
for each year.

The residual error (€; ¢) structure of the model is assumed to follow a Gaussian distribution
with (equation 3):

€~ N(O, 0625)

where 0625 varies by binary season (s). The residuals follow an AR(1) correlation structure
(equation 4):

E = PEs—1t+1;

Where & is the residual at time s, p is the autocorrelation coefficient, & _ 1 is the residual
of the preceding time point, and 7, is random noise

All models were built using the mgcv package in the statistical software program R.

Choosing the Basis Dimension

The basis dimension k (i.e., how “wiggly” the regression line is allowed to be) is
critical for covariates that include smoothers as the choice can influence the trend
estimate and model validation. The basis dimension for fracyear was selected using leave-
one-out blocked cross-validation where years were considered blocks (Bergmeir and
Benitez, 2012; Roberts et al., 2017; Liu and Zhou, 2024). We first defined a grid of basis
dimensions k € {k;,..., kio} where k; is the minimum number of basis dimensions needed
for a cyclic spline. For our model, k ranged from 3 to 10. For each unique year y, we fit the
model to all data excluding year y (training set) and evaluated predictions on the held-out
year y (test set). This preserves temporal dependence within training/test splits. Each
iteration of this process is considered a “fold”. For the held-out year, we generated
marginal predictions (i.e., predictions from the GAM component, without year-specific
random effects) and calculated the fold-level prediction root mean square error (RMSE).
For each k, we averaged fold-level errors to obtain the cross-validated error E (k). The
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standard error of the cross-validated error for each basis dimension, SE (k), was
calculated as (equation 5):

SD{E, (k)}

vV Neolds

where SD{E, (k)} is the standard deviation of the cross-validation errors obtained across

SE(k) =

folds for a given basis dimension k, and / Ng, 145 iS the square root of the number of cross-
validation folds. The lowest RMSE observed was k = 5 while k = 3 had the lowest SE. In
cross-validation, itis common to choose the simplest model that is within 1 SE of the
minimum cross-validation error, ergo indicating that k = 3 would be preferred. However,
heteroskedasticity was present when k = 3 (Appendix Figure 1). Therefore, we defaulted to
k = 5 as this minimized the cross-validation error and lessened the apparent
heteroskedasticity.

Model Validation

The normality assumption was evaluated using qqgplots of deviance residuals.
Normalized residuals (i.e., response residuals scaled to account for random effects) for
the parametric portion of the model were extracted and used to verify homogeneity in the
overall model residuals and when plotted against each candidate variable. Normality of
the random intercepts for year was verified via density plot. Temporal autocorrelation was
assessed via autocorrelation and partial autocorrelation function plots of the normalized
residuals. No major violations of model assumptions were observed.

Checking for Bias Due to 2023 Heatwave

A prolonged heatwave occurred during the summer of 2023 during which water
temperatures were extremely high (daily means ranging from 34.2 to 36.6 °C). We defined
the dates of the heatwave based on the criteria for an extreme temperature run as outlined
in the Extreme Days Analysis section of the methods. Based on this criterion, the dates for
the extreme temperature run were 2023-06-16 through 2023-08-1 (44 days). This extreme
warm run was hotter and persisted longer than any other run in the dataset.

Given the presence of this run near the end of the record and its severity, we further
considered its influence when applying a linear regression model to the data. Linear
regression can be sensitive to extreme values or unusual patterns which occur near the
beginning or end of the record, resulting in regression slopes being pulled higher or lower
than would be if the anomaly was not present. Such influence can lead to incorrect
conclusions about the presence or absence of a monotonic temporal trend. Therefore, we
reran the model with the 2023 extreme warm run removed. The estimates from the models
with and without the 2023 heatwave were then compared to evaluate the influence of
those weeks. Excluding the 2023 heatwave did not change the direction or statistical
significance of the trend estimate (Appendix Table 2), and neither model violated model
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assumptions. Therefore, dates recorded during the heatwave were retained in the
subsequent results presented here.

An Exploratory Analysis Using a Nonlinear Term for the Trend Variable

During validation of the final model, some minor non-linearity remained when
plotting model residuals against the trend variable. To ensure that this minor violation of
model assumptions was not biasing results, an alternative method in which centered
decimal date was modeled with a nonlinear term was also explored. Model comparison
indicated that both models performed similarly, and the simpler model with a linear term
for centered decimal year was preferred to maintain clearer interpretability. The details of
this alternate model, its advantages to the current model, and limitations can be found in
Appendix Il.

Results

Characterizing seasonality

Water temperature at S. Bird Island was characterized by hot, stable summers and
variable winters with occasional cold snaps (Fig. 3). The site experiences two distinct
seasonal periods, a warm season from May through late September and a cool season
from early October through April (Fig. 4). A key characteristic distinguishing the warm vs
cool season temperature dynamics is the difference in temperature variability. Beginning
around late April, temperatures steadily rise while variability decreases (Fig. 5, Table 1).
Temperatures then generally remain high and stable through September. By October,
temperatures steadily decrease and become more variable, with peak variability occurring
in January and February. This increase in variability is likely due to intermittent cold fronts
which rapidly reduce air temperatures, cooling the waters of the upper Laguna Madre
(Tissot et al. 2007).

12



Raw Temperature Data
40

301

Temperature (°C)
[\
o

o S N D X b ® > 9 S N 9 0 N
S N N N N N N N N N N QP q QW 9 0
S S, S S S, S S O S S
Year

Figure 3 Plot of raw temperature data by date.
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Figure 4 Daily mean temperature by day of year using the water year calendar. Colored
shading used to indicate binary cold and warm seasons. The anomalously high points for
June through August are the 2023 heatwave.
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Table 1 Summary statistics for water temperature (°C) by month and binary season (data
combined across years).

Possible Non- Std Missing
Period Obs missing Obs Mean Median Min Max Range Dev Q1 Q3 IQR? (%)
Monthly
January 43,968 41,738 14.7 15.0 3.3 25.6 223 3.7 124 173 4.9 5.1
February 40,608 37,196 16.2 167 13 266 253 4.2 13.7 193 5.6 8.4
March 44,640 42,444 203 209 8.0 280 20.0 3.5 182 229 47 4.9
April 43,200 39,564 239 242 134 31.0 176 2.5 22.6 257 3.1 8.4
May 44,640 40,413 27.2 275 170 326 156 2.1 26.1 286 2.5 9.5
June 43,200 42,017 300 298 258 388 13.0 19 288 310 2.2 2.7
July 44,640 41,174 30.5 30.2 239 38.2 143 20 29.2 316 24 7.8
August 44,640 35,143 30.7 306 235 356 121 1.5 29.8 318 2.0 21.3
September 43,200 41,051 28.8 29.0 219 343 124 1.9 27.7 30.0 23 5.0
October 44,640 39,876 254 259 145 320 175 3.1 237 278 4.1 10.7
November 43,200 35,087 203 208 80 298 21.8 39 179 23.1 5.2 18.8
December 44,640 39,253 16,5 16.6 2.7 251 224 3.7 139 194 55 12.1
Seasonally

Warm Season
(May-Sept.)
Cool Season
(Oct.-April)

1CV = Coefficient of Variation (Standard Deviation / Mean x 100)
2IQR = Interquartile Range (Q3 - Q1)
Data period: 2009-01-08 to 2023-12-31

220,320 199,798 294 295 170 38.8 218 23 28.2 308 26 9.3

304,896 275,158 196 199 13 320 30.7 52 16.0 236 7.6 9.8

Extreme Days Analysis

Between reference and recent time periods, extreme temperature patterns were
characterized by general shift towards warmer summers and winters, with fewer extreme
cold days and more frequent extreme warm days. Overall daily mean temperature
increased by 0.5 °C between periods. However, this general warming trend was also
accompanied by an increase in the magnitude of extreme cold and warm days, along with
an overall increase in variability. Extreme warm days occurred more frequently, tended to
be warmer (overall daily mean increased from 31.3°C to 32.4°C), and occurred in runs
more often. Extreme cold days tended to occur less frequently and were generally warmer
(overall daily mean decreased from 9.7 °C to 9.0 °C) but were more variable and had a
higher overall intensity (Fig. 5)
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Figure 5 Density plot of daily mean temperature by time period (reference is 2009-2018
and recent is 2019-2023). Dashed black lines indicate the 5th and 95th percentile
thresholds (11.9 and 30.9 °C, respectively) for the reference time period. Rug plots along
the x-axis indicate individual days.

Extreme Day Frequency

Daily mean temperatures for the 5" and 95" percentiles of the reference period
were 11.9°C and 30.9 °C, respectively (Fig. 6). The annual average number of extreme
warm days more than doubled (15.8 to 38.4), while extreme cold days declined (15.8 to
13.8; Fig. 7). The 2023 heatwave inflated the average number of extreme warm days per
year. When 2023 is excluded, the average annual frequency of extreme warm days
decreases to 27.0. Overall, mean annual extreme cold day occurrence showed a moderate
decline, whereas extreme warm day occurrences per year increased.
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Water Temperature: 2009-2023
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Figure 6 Daily mean temperature for the reference and recent period. Red points are
extreme warm days and blue points are extreme cold days. The red and blue dashed lines
indicate the 11.9 °C and 30.9 °C thresholds for the 5" and 95" percentiles for the reference
period, respectively.
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Figure 7 Frequency of extreme days by year. Dashed black lines indicate the divide
between reference and recent periods.

Extreme Day Runs

Runs, defined as two or more consecutive days of average extreme temperatures,
were quantified as number of runs per year (i.e., frequency) and number of days per run
(i.e., duration) for years where runs were present. Run frequency and duration differed
between reference and recent time periods. Warm-run frequency increased, with mean
annual run count rising from 3.4 to 4.8 runs per year while cold run frequency decreased
from 4.1 to 3.0 runs per year. The pattern in run duration for warm extremes was strongly
influenced by the 2023 heatwave (Fig. 8, Table 4). Including 2023, mean warm-run duration
increased from 4.5 to 7.6 days between the reference and recent time periods, driven by a
44-day event in 2023 that substantially inflated the average. Excluding 2023, mean warm-
run duration in the recent period was 5.3 days and cold run duration was 4.5 days.
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Figure 8 Run frequency (A) and mean run duration (B) by year. Dashed black lines indicate
the divide between recent and reference periods.
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Table 2 Summary statistics for the run frequency and duration analysis by period
(reference = 2009-2018 and recent = 2019-2023) for years with runs. Units are in number of

days long.

Run Frequency

Extreme Warm

Extreme Cold

Annual Annual
Period average SD Min Max average SD Min Max
Reference 3.4 1.7 1 6 4.1 1.5 2 6
Recent 4.8 04 4 3.0 1.8
Recent - excluding 2023 4.8 0.5 4 5 2.8 3.7 2 5
Run Duration

Annual Annual

average SD Min Max average SD Min Max
Reference 4.5 37 2 18 4.4 3.0 2 18
Recent 7.6 89 2 44 4.1 1.8 2 9
Recent excluding 2023 5.3 4.4 2 19 4.5 1.9 2 9

Extreme Day Intensity

Extreme day intensity increased between reference and recent periods, with cold

extremes having greater magnitude and variability than warm extremes (Fig. 10, Table 5,

Appendix Fig. 2). Mean cold-day intensity rose from 2.2°C to 2.9°C, while mean warm-day
intensity increased from 0.4°C to 1.5°C.
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Figure 9 Annual mean intensity of extreme days by extreme type. The dashed black line
separates reference and recent periods. Note that 2020 did not have any extreme cold
days.

Temporal Trend Analysis

The GAMM model of weekly mean water temperatures explained 87% of the
variability in the data (adj-R? = 0.87). The estimated temporal trend was not statistically
significant at a = 0.05, with confidence intervals for the trend estimating ranging from a -
0.01t0 0.15°C change in mean water temperature peryear (t = 1.65s, p = 0.099). There was
also a strong non-linear relationship between fracyear and weekly mean water
temperature (effective degrees of freedom =2.99, F =876.7, p <0.001), meaning that water
temperature was strongly influenced by time of year (Fig. 11).
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Figure 10 Partial effect of fracyear on weekly mean temperature. This figure depicts the
non-linear relationship between time of year and water temperature. The y-axis indicates
the change from the model’s global mean temperature (i.e., intercept) in °C. The lower x-
axis shows the fractional time of year, and the upper x-axis shows the corresponding
month. Note that month positions are approximate.

The random effects portions of the model also provided important insights into the
temperature data. Year-to-year random variation was high (SD = 0.63 °C), indicating some
interannual variability beyond the linear trend. Among individual years, 2021 and 2023
were the most distinct, with annual means 1.06 °C below and 1.44 °C above the global
mean, respectively. Seasonal variability also differed substantially. Residual standard
deviation for the warm season was 61% lower than in the cold season (scaling factor =
0.39), reflecting more stable warm-season temperatures. Further, variability due to
temporal autocorrelation in the residuals was adequately modeled by an AR(1) correlation
structure, which estimated a correlation coefficient of ¢ = 0.43.
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Key Take-aways

Extreme Days Analysis

There were more extreme warm days and fewer extreme cold days per year in the
recent period (2019-2023) compared to the reference period (2009-2018).

Mean intensity increased by 1.1 °C for warm extremes and 0.7 °C for cold extremes.
Run frequency for extreme warm days increased between periods from an average
of 3.4 to 4.8 runs per year.

Run frequency for extreme cold days decreased between periods from an average
of 4.1 to 3.0 runs per year.

Run duration for extreme warm days increased between periods from an average of
4.5to 7.6 days per year. This increase was partially driven by an unusually warm run
that occurred in 2023. If 2023 were removed from the data, the average run duration
for the reference period would have increased to 5.3 runs per year.

Run duration for extreme cold days decreased between periods from an average of
4.4 to 4.1 days per year.

Temporal Trend Analysis

There was no statistically significant overall trend in weekly mean water
temperature.

The fixed components of the model (centered decimal year and fracyear) explained
87% of the variability in the data.

The residual standard deviation for the within-year warm season was 61% lower
than the within-year cold season, meaning the cold season generally experiences
substantially more variable temperatures than the warm season.
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Appendix |

Response vs Fitted Values
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Appendix Figure 1 Observed versus fitted weekly mean temperatures for GAMM models

with cubic cyclic spline basis dimensions of 3 and 5. Points closer to the diagonal indicate

better model fit. The red line should be straight if no heteroskedasticity remains in the
model. Note the slight curve in the red line when the basis dimension is set to 3.
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Appendix Table 1 Summary of missing observations across months.

Month Total Possible Obs.” Missing Values? Non-Missing Values % Missing®

January 43,968 2,230 41,738 5%
February 40,608 3,412 37,196 8%
March 44,640 2,196 42,444 5%
April 43,200 3,636 39,564 8%
May 44,640 4,227 40,413 9%
June 43,200 1,183 42,017 3%
July 44,640 3,466 41,174 8%
August 44,640 9,497 35,143 -
September 43,200 2,149 41,051 5%
October 44,640 4,764 39,876 11%
November 43,200 8,113 35,087 19%
December 44,640 5,387 39,253 12%

3Color coding: Blue (low missing %), Yellow-Orange (moderate), Red- Orange (high
missing %)
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Appendix Table 2 Comparison of the GAMM with and without data recorded during the
2023 heatwave included. Estimates are coefficient estimates. The estimate for
cent_dec_date is the trend estimate. Values for the Cl column are the 2.5" and 97.5%"
percent confidence intervals, respectively. Note that the confidence intervals for
cent_dec_year cross zero for both models, meaning the true slope may be zero. p is the p-
value for the parameter.

Model with heatwave included

Parametric coefficients Estimates Cl p
(Intercept) 23.76 23.37-24.14 <0.001
cent_dec_yr 0.07 -0.01-0.15 0.990
Smooth terms: EDF Ref.df P
s(fracyear) 2.99 3.00 <0.001
Observations 682

R? 0.87

Model without heatwave included

Predictors Estimates Cl p
(Intercept) 23.69 23.36 -24.02 <0.001
cent_dec_yr 0.05 -0.02-0.12 0.128
Smooth terms: EDF Ref.df p
s(fracyear) 2.99 3.00 <0.001
Observations 677

R2? 0.88
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Intensity scores for extreme temperature days
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Appendix Figure 2 Intensity scores for cold and warm extreme days colored by time period
(reference = 2009-2018 and recent = 2019-2023). Points are jittered along the x-axis by 0.1
years for easier visualization. The y-axis coordinates are not jittered.

30



Appendix Il

An Exploratory Analysis Using a GAMM with a Non-linear Term for the
Trend Variable

For the above trend analysis, including year as a random effect gave the model
enough flexibility to meet the assumption of linearity for the centered decimal date
variable. However, this approach may become less viable as additional data are added to
the record. If future data are such that the model cannot adequately decompose the non-
linearity using random effects and a smoother on a variable representing within-year
seasonality (e.g., fracyear), then a more complicated non-linear GAMM with a smoother on
the “trend” variable (e.g., centered decimal date) may be a viable alternative.

Adding a non-linear smoother to the long-term “time” variable would add
complexity to model fitting and inference. First, the nonlinear trend cannot be directly
interpreted in the context of an overall increase or decrease. Second, the methods
available to estimate an overall trend are much more intricate than for a traditional linear
model, and it may be difficult for analysts with limited statistical or coding experience to
follow or replicate. Third, there are limitations to our ability to estimate a global trend from
a smoothed variable, especially if random effects like random intercepts, variance
structures, or correlation structure are included (which will likely occur). This results in
additional uncertainty in deriving a global trend, particularly uncertainty in the confidence
intervals around the basis functions (i.e., the series of slopes which make up the
regression line for smoothed parameters).

Despite these added complexities, we have provided an R function to derive a
global trend estimate from a model with a smoothed centered decimal date parameter
using bootstrapped sampling of the posterior distribution for centered decimal date. This
method is an adaptation of the methods used in Murphy et al. 2019, Feher et al. 2023, and
Hutchings et al. 2024. The steps are as follows:

1. Extractthe observed values of the predictor variable of interest (e.g., centered
decimal date) and create a data frame containing a grid of evenly spaced values
ranging from the minimum and maximum of the observed values. Include all
other predictors but with their values held at their means.

2. Usingthe gratia package, calculate the first derivatives (i.e. slope) of the basis
functions and their standard errors for each grid point (function defaults to 400
grid points).

3. Foreach grid point, simulate uncertainty in the new data frame by drawing x
many samples from the normal distribution centered on that grid point (function
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defaults to 2,000 draws). This creates a posterior distribution of possible slopes
at each grid point.

4. Apply density weighting if desired. Weighting by density gives regions in the
record with many observations more weight than data sparse regions when
calculating the global slope. To accomplish this, the density function is used to
compute a smooth estimate of the distribution of the observed data over the
grid values range. The density values for each grid point are assigned weights
(their density value) which are then normalized by dividing the density value for a
grid point by the sum of the weights. If weighting by density is not desired, set
the “density” argument in the function to density = “uniform”. Use density
weighting when you want the trend estimate to reflect periods with more
observations (and thus more certainty), and use uniform weighting when you
want all time periods to contribute equally regardless of how much data were
collected.

5. Foreach grid point, compute an average of the slopes from the x many draws
from the normal distribution centered on that grid point. This gives you x many
possible slopes for each grid point.

6. Then take the mean of all possible slopes across all the grid points. If using the
default settings, this would be the mean of 2,000 draws * 400 grid points =
800,000 possible slopes.

7. Calculate the 2.5% and 97.5% quantiles of the 800,000 possible slopes to get
95% confidence intervals on the estimate of the global slope.

When this method of estimating a global slope was applied to the GAMM model
with a smoother on centered decimal year, the returned estimate indicated a significant
warming trend in water temperature of 0.16 °C peryear (Cl =0.13 and 0.18 °C) (Appendix
Fig. 3). In this report, we presented the model without a smooth on centered decimal date
rather than this model because the model without a smoother on centered decimal date
was valid and had a more intuitive interpretation. However, this method of adding a
smoother to the “trend” variable may be preferred in the future as climate conditions
change if the relationship between time and water temperature becomes more non-linear.
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Global Slope Estimates for Random Intercept and
Smoothed Models
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Appendix Figure 3 Estimates of the slope of centered decimal date for the final
model (labeled here as “Random Intercept”) and a model with a tensor smooth on
centered decimal year. Note that the confidence intervals around the estimate for the
“Smooth on Trend Variable” model are likely wider than were calculated by the slope
estimation procedure.
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Some warnings about this method:

1. The gratia package does not currently have a method to account for the random
portion of the error structures of GAMMs when calculating the first derivatives and
their standard errors. This means that the standard errors will likely be
underestimated, meaning confidence intervals will also be narrower than expected.

2. Because the temporal autocorrelation error structure of the model cannot be
accounted for when taking the first derivatives (presently), there will be residual
temporal dependence between grid points (i.e., a violation of the assumption of
independent samples). This will result in lower standard errors for the estimated
slopes for each grid point, which will result in narrower confidence intervals.
Whether this is a severe enough violation to nullify model results may be case
dependent.

Potential Method to Correct for Narrow Confidence Intervals

To address these limitations related to artificially narrow confidence intervals, a
sensitivity analysis could be conducted where confidence intervals for the estimated
overall slope are iteratively widened across a user-defined range. If slope estimates and
confidence intervals are relatively stable across iterations, this provides evidence that
inference about the overall slope is probably valid. Large changes in the overall slope
estimate and confidence intervals across iterations would imply that inferences about an
overall slope would be unreliable. Note that a criticism of this method is that the inflation
values are inherently subjective.
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