


















Table 2. Slope estimates for trend-only negative binomial GLM models. ·Indicates trend is statistically significant at
a=0.05.

Site Size Trend

Parthenia Adult 0.0000

Juvenile 0.0001
Eliza Adult -0.0003*

Juvenile -0.0004*

Old Mill Adult -0.0013'
Juvenile -0.0007*

Upper Barton Adult 0.0004*

Juvenile 0.0019*

Models that included lags on the covariates (DO, temp. and, discharge) performed better overall than
non-lagged models most of the time (Table 1. Summary of best negative binomial GLM models. The

trend column indicates whether the temporal trend in salamander counts was significant (a=O.05), and
if so, the direction of the temporal trend in counts.

Site Size Lag Trend Covariates included in Model AIC

(mo.) (~O) with lowest Ale

Parthenia Adult 6 Not sig. DO discharge temperature 582

Juvenile 6 Not sig. DO discharge temperature 511

Eliza Adult 0 Decreasing DO discharge 911

Juvenile 6 Decreasing DO discharge temperature 771

Old Mill Adult 0 Decreasing DO discharge temperature 334

Juvenile 6 Decreasing DO discharge temperature 225

Upper Adult 1 Increasing DO discharge 248

Barton Juvenile 3 Increasing DO 149

; APPENDIX B). The lag-6 model (Le. all covariates have a six month lag relative to salamander

count) was the best in half of analyses, indicating that counts at each site are influenced by

environmental conditions up to six months prior.

The addition of environmental covariates did not alter the direction or significance of the trend

predictions of the GLM models. Any trend observed during this period, therefore, cannot be

explained solely by variation in temperature, dissolved oxygen, or discharge, as represented in

our models.

Table 3. Parameter estimates (including coefficients of covariates) from best negative binomial GLM
models. Shaded values indicate parameter was significant at the a=O.OS level.

Water
Time DO Discharge Temp.

Site Size Lag (mo.) Intercept (days) Im./L) (ft3jsec) ("CJ Error

Parthenia Adult 6 0.0002 0.6595 0.0108 0.8826
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Juvenile 6 -26.13061 0.0001 ~ 0.8877 1 0.0066 0.0543 0.8772

Eliza Adult 0 10.1884 -0.0003 0.3516 -0.0123 0.3149

Juvenile 6 -14.4447 -0.0008 0.9023 I 0.0012 1.2723 0.7888

OJdMili Adult 0 -21.2324 -0.0010 2.5456 -0.0333 1.2920 1.0411

Juvenile 6 -13.5637 1-0.0013 I0.5326 0.0311 1.4394 1.7263

Upper Bart. Adult 1 -8.1451 0.0004 0.8491 -0.0183 0.5318

Juvenile 3 -28.1925 0.0011 1.4366 l 1.2242

Plots of the predicted mean counts to the observed counts are shown in Figures 5 and 6. In
general, population fluctuations are accommodated by the covariates. However the peak
counts during large population increases are frequently under-predicted (see the 2009
predictions). Also there is a period from mid·2004 to mid-200S when environmental conditions
were such that the models predict high counts but observed counts were low. Additional work
is needed to determine what factors result in the poor model fit during this period.

The fit for Eliza Spring adult counts differs from the other model fits. During 2006 and 2007
there was a great deal of variation in the adult counts in Eliza Spring that was not explained by
the model. A downward trend of the counts was predicted during this period, but population
swings are not incorporated. In addition to the fluctuations that were not predicted, the
observed peaks during this period were further above the predicted values than the observed
minimums were below them. This can be seen in both the plots of the predicted vs. observed
counts (Figure 5 and Figure 6) and in the plot ofthe residuals (Figure 4, Eliza Spring). Factors
may be affecting Eliza which are not an issue in the other springs. Salamander density is much
higher in Eliza Spring and density-dependent factors (see the MARSS analysis results) may be
implicated. Pearson residuals (Figure 4) for the models also indicate model fit is not ideal.
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Multivariate Auto-Regressive State-Space (MARSS) Data Analysis Methods

In contrast to the GLM method used above to estimate population trends, MARSS explicitly

incorporates serial autocorrelation of the time series data into the model. Additionally, it
partitions two types of variation from the time series; one, arising from the natural fluctuations
in population size (Jlprocess" error) and another, produced by random fluctuations in the
observation of the population ("observation" error). The "observation" error is modeled as
"white noise" in the data, and is typically interpreted as a result of random differences in the
observed vs. the true population, relative to the area being sampled. The "process" error
reflects the differences in population size not due to white noise, but a result of changes due to
environmental conditions; this error may be manifested by month-to-month changes in
survival, recruitment, or migration patterns, i.e. population processes that change the
underlying population size.

We use an Ale-based comparison of different MARSS models, explained in more detail below,
to determine whether E. sosorum populations at Parthenia and Eliza springs are stable (zero­
trend), increasing, or decreasing over time, and additionally, whether they exhibit a pattern of
density-dependent population growth. Additionally, we use results from the best model to
compute a probability of quasi-extinction (a population viability analysis).

Model Description

We implemented our multivariate auto-regressive state-space analysis using the package
MARSS (Holmes et al. 2011) in program R (R Development Core Team 2011). The general form
of the MARSS model includes two separate models as a hierarchical model with process error
and observation error being modeled separately (Holmes and Ward 2011):

Process model: Xi = 8 Xi_I + U + Wi where w; - MVN(O,Q)

Observation model: Yi =Xi+Vi where v; -MVN(O,R)

The observation model describes how the data y (the natural log of the salamander count) are
related to the unobserved parameter x (the "state" parameter; the "true" salamander
population size) during month i. The matrix R is a variance-covariance matrix that describes the
relationship between the observation errors for different time series. For a data set with time
series of salamander counts from two sites, the variance-covariance matrix

[

r
R= I

o I~]
indicates that the observation error variance, ri, is estimated separately for two sites, and these
estimates are independent of each other (Le. there is no covariance).
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The process model (a Gompertz growth function; Dennis et al. 2006) describes how the
population changes based on the previous population size (Xi 1, a Markov process), the overall
trend (or mean, if B<l) in population size (u), and any unexplained environmental variation (Q).

The matrix Q is also a variance-covariance matrix; it describes the relationship between the
process errors for different time series and can be used to specify different population
substructures. For example, the matrix below describes the process variances for two time
series from independent sub-populations, assuming equal process variances, perhaps because
they share similar environmental conditions and prey, but are independent since the
populations are not strongly inter-connected by migration:

Q =[~ ~l

However, we may also postulate that populations experience different environmental
conditions (e.g., surface conditions are very different at Parthenia and Eliza Springs), but
fluctuations in salamander abundance are dependent (e.g., good years and bad years are
correlated). In this case, the process variance matrix would be

Q = [q, Cq'.,']'
cJ.2

Thus, we may explore whether errors due to environmental variation are shared among sites or
unique by varying the structure of the Q matrix.

The parameter B is a matrix that describes the correlation between the different time series
and whether populations exhibit density dependence or not. If we expect each site to be
effectively independent (i.e. no direct interactions), we may set the off-diagonals of the B
matrix to zero for each site. For example, a B matrix for two populations with density
dependence is

B=[BOliO]
822 .

However, to specify a random-walk model without density dependence, we set Bto equal an
identity matrix (l's on the diagonal).

The u parameter represents the long-term change in abundance, Le. the population growth
rate when B=1. When B<l, u is the population mean (although Band u are confounded in this
case). We can represent u for more than one population as U, an m X 1 matrix where m is the
number of time series where u is estimated. The parameter (u) can be set to zero if the data
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are demeaned (mean is removed from the data) and B<1, or it can be estimated from the
model.

As with GLMs, MARSS models can be compared based on their AIC values. For MARSS models,
we use AICb, a small-sample corrector for autoregressive state-space models (Holmes and
Ward 2011). The model parameters, confidence intervals, and AICb were calculated using the
MARSS package in program R, which provides maximum-likelihood estimation of parameters
via an Expectation-Maximization algorithm using the Kalman filter (Holmes and Ward 2011).

Data Manipulation

Several data preparation steps were required to conform to the MARSS modeling framework.
Surveys were conducted predominantly on a monthly basis, although occasionally there were
deviations from this pattern. The MARSS analysis requires that each unit of time be equivalent,
and therefore we assigned each survey to a period corresponding to the month and year when
that survey was conducted. However, surveys among different sites are typically 1-3 weeks
apart, and so any temporal correlation in the model will be influenced by the adjustment of
survey times. That is, a survey conducted at each of the four sites for four different weeks
within one month were all treated as being conducted at the same time during that month,
when in fact, they were not. This adjustment is a necessity, but should only introduce bias if
environmental variation is correlated.

The MARSS model employed here is a Gompertz growth process (e.g. Dennis et al. 2006), which
requires taking the natural logarithm of each count. This makes MARSS models a poor choice
for datasets with lots of zeros. Because our data sets include zeros, we either added 1 to each
value in order to meet the requirements of the Gompertz process, or excluded the time series
with many zeros. Data were demeaned to facilitate numerical convergence and parameter
estimation.

Counts from Old Mill (a.k.a. Sunken Garden) and Upper Barton Springs were excluded from the
MARSS analysis due to the sparseness of the data (Figure 2 and Figure 3). Population survey
data from Old Mill contained 26% zeros, and over half of the data contain salamander counts
equal to or less than five. Since the MARSS population growth models requires that data are
logged, the solution of adding one (since In(O) is undefined) to all Sunken Garden data points
would be excessive data manipulation in our opinion, and likely generate an artificial signaL
Ones were added to Eliza and Parthenia data, although very low counts are rare in these data
sets, and we do not believe this transformation would unduly alter our results.

The Upper Barton Spring site is intermittent, and ceases to flow when Barton Springs discharge
is less than approximately 40 fe/so As a result, 56% of the monthly survey data from Upper
Barton are missing values, many of which are consecutive strings, which are likely to result in
imprecise parameter estimates for the MARSS model. Thus, this site was also excluded from
MARSS analysis. In contrast, count data from Parthenia and Eliza have few zeros, and missing
data are less prevalent and more evenly distributed throughout the time series.
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Modeling Approach

We compared a suite of MARSS models in order to test 1) how long-term population growth (u)
varies among sites; 2) whether u indicates an increasing, decreasing, or stable population; and
3) whether populations exhibit density-dependence or not. Our approach in first testing for
long-term population growth, following a statistical test for density-dependence is similar to
the approach suggested by Schmidt and Meyer (2007) as a test for population stability.

Because of the uncertainty about how aquifer conditions (which are correlated among sites;
Figure 1) and surface conditions (which can be very different among sites) may affect
environmental variability at each site, we tested different models corresponding to different
population substructures in relation to their process error (q). Hypotheses of population
substructure can by tested by specifying different models of the process error, as mentioned

above.

We initially estimated observation error (r), but found that estimates of observation error (r) for
Eliza adults consistently dropped to zero for the equal process variance models (see Model
Description). In order to remedy this problem, Rwas fixed using estimates from each time
series modeled individually.

Population Viability Analysis

To estimate extinction risk (for adults), we simulated time series data using parameters from
the best model. Maximum likelihood parameter estimates from the data were used to simulate
1,000 time series with 50 time-steps (i.e. months into the future) for Eliza and Parthenia
populations. We set R=O and estimated U (which represents the mean of each time series). To
calculate the probability of quasi-extinction, assuming the future time series is governed by the
same parameter estimates, we calculated the percentage of times each projection fell below
the quasi-extinction threshold. We chose a quasi-extinction threshold corresponding to a 90%

decline, or 10% of the last population size estimate.

MARSS Results and Discussion

Estimates of E. for Eliza adults consistently dropped to zero for the equal process variance
models, and we therefore fixed R (matrix of r, for both sites) in order to generate accurate
calculations of the log-likelihood (necessary for AICb calculation). This behavior may be an

indication that these models are not suitable for the data, and that estimates of q are unreliable
in models where r slides to zero (Eli Holmes, personal communication). However, we also
tested R=O and found no differences in the overall results except minor shifts in AIC values
between fixed R, R=O, and Ras a free parameter (excluding models that did not converge). The
one exception was the single population model, which had a high AICb value of 305 with Ras a
free parameter, but more than quadrupled when Rwas fixed (AICb=1422.5, Table). Despite
problems with Restimates, observation error appears to be relatively small compared to
process error.
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Models where U=Q consistently outperformed those with unequal and equal U, indicating that

long term population trends are not statistically different from zero (Table and Table 5). We

also tested density-dependent (mean-reverting) models, which include estimates of B, a density

dependence term (8 is an identity matrix in density-independent models). In this case, models

with density dependence consistently outperformed (Le., they had lower Alec values) density­

independent models for both size classes, regardless of the structure of the process variance

(Tables 4 and 5).

Table 4. Population substructure MARSS model AICb scores for counts of salamanders ;:00:1" at Parthenia

(site 1) and Eliza (site 2) springs. Observation errors for Parthenia and Eliza were estimated from single
site models and are approx. 0.04 and 0.01, respectively. However, fixing the observation error affects
estimates of process error. Each model was fit to logged and centered (demeaned) count data.

AICb
Population

Process Error (Q)
structure Equal trends Unequal trends No trends Density-dependent

(ul=u21 (ul,u2) IU~O) (81,82, U~OI

One population Equal var 1422.5 NA NA NA

Sub-populations Equal var 259.2 261.5 256.8 247.0

Sub-populations Unequal var 254.9 257.2 252.4 240.6

Sub-populations Equal var and cov 261.6 263.5 258.6 250.4

Sub-populations Unequal var and cov 256.7 259.1 254.6 244.2

Table 5. Population substructure MARSS model AICc scores for counts of salamanders <1" at Parthenia
(site 1) and Eliza (site 2) springs. Observation errors for Parthenia and Eliza were not fixed, but estimated
from each model (not shown). Each model was fit to logged and centered (demeaned) count data.

AICb
Population

Process Error IQ)
structure Equal trends Unequal trends No trends Density-dependent

(ul=u21 (ul,u2) (u=O) (81,82, u=Oj

One population Equal var 372.3 NA NA NA

Sub-populations Equal var 344.9 347.1 342.7 332.9

Sub-populations Unequal var 347.1 349.3 344.8 336.2

Sub-populations Equal var and cov 338.5 340.7 336.3 326.7

Sub-populations Unequal var and cov 340.7 343.0 338.5 328.9

Although the Gompertz model is a relatively simplistic model of density-dependent population

growth, these results highlight the possibility that E. sosorum population dynamics are

regulated to some degree by density. However, large shifts in adult abundance over short

periods of time (e.g. 50% between one month periods; Figure 2), and adult populations
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recovering from very small (or even zero) counts suggest that densities are not only affected by
changes in mortality and recruitment, but also by temporary migration patterns. This makes
drawing conclusions about the extinction risk of these populations difficult. On the one hand,
high variability in population size and/or low population sizes that are encountered during poor
conditions such as droughts can translate into high extinction risk. However, if migration to and
from the surface habitat accounts for a significant portion of the variability we observe, an
estimate of extinction risk based on these data will be negatively biased.

The PVA for Eliza spring resulted in an estimated quasi-extinction probability of <1% over the
next 50 months, based on a quasi-extinction threshold of 13 adult individuals. The most recent

count of adults in Parthenia for our data set was 61 individuals, and a 90% decline corresponds
to six individuals. The PVA based on simulated future realizations of the Parthenia time series
resulted in a quasi-extinction probability of approximately 86%. However, counts have reached
six individuals or lower nine times in 61 surveys (including one zero count), and these slumps
have been followed by observations of over 200 individuals. Thus, we need only look at the
actual data set to see that "quasi-extinction" has been reached multiple times at Parthenia
without the population actually going extinct, exemplifying the futility of computing a
population viability metric for count data that are not a complete census, and in fact, may be a
drastic underrepresentation of the true size of the "superpopulation."

However, it is important to clarify what we mean by "complete census" and superpopulation
size. A complete census, in this case, is referring to a census which includes all individuals of
the metapopulation of E. sosorum for a particular spring site. By our definition, this includes
individuals at the surface (the sampled area), but also those not currently present at the surface
(Le. temporary migrants), consistent with the concept of a superpopulation from capture-mark­

recapture theory (e.g. Kendall 1999). Changes in migration, births and deaths will likely be
manifested in the model as process error, assuming these perturbations do not follow the
white-noise model of observation error. Our result of low observation errors for Eliza and

Parthenia (r=0.01 and r=0.04, respectively) may indicate that surface counts do not suffer from
large amounts of error, and that the large swings in population size we observe in the counts
are due to real changes in the popu lation size at the surface, but mayor may not be due to real
changes in the superpopulation.

Despite large swings in population size that can result in numbers of adults fewer than 10% of
the average population size, the lack of evidence for any long-term trend in population counts
combined with the indication of density-dependence increases our confidence in the viability of

E. sosorum. This is because populations that reach densities near carrying capacity are less
subject to demographic stochasticity, which can be a very important factor in the extinction
rate of small populations (Lande 1993; Morris and Doak 2002). However, when population
sizes become smaller during large swings in population size of E. sosorum, demographic
stochasticity is more likely to have a substantial effect on the population. What is unknown,
however, is how large the superpopulation is when surface counts do reach low levels during
these fluctuations. Very low count totals followed by a population recovery, in addition to
several-fold increases in population size between one month survey intervals (e.g. after a
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dramatic increase in spring discharge; data not shown), suggest that migration to and from the
surface (i.e. temporary migration) probably plays a role in the pattern of counts we observe.
How much the pattern of migration is exaggerating the observed declines in surface counts is a
critical question, because we do not know how small the true population size is, and therefore,
how vulnerable it may be to the effects of demographic or environmental stochasticity. This
information is necessary in order to determine if long periods of low surface density are a
threat to E. sosorum population viability.

Table G. Maximum likelihood parameter estimates and confidence limits from 1000 bootstrap replicates.
Estimates for Eliza and Parthenia are indicated by "E" and "P", respectively. B:::density dependence;
Q=process variance. Observation errors for Parthenia and Eliza were estimated from single site models
and are approx. 0.04 and 0.01, respectively.

Porom ML.Est Std Error
B.P 0.842 0.653

B.E 0.773 0.0724
Q.P 0.393 0.0874

Q.E 0.178 0.0307

2.5% Cf

0.662

0.593
0.234

0.117

97.5% Cf

0.924

0.877
0.590

0.234

Est.Bios
0.01672

0.01484
0.00334

0.00414

Unbios.Est
0.852

0.788
0.396

0.182

Relative to the other sites, higher population counts (Figure 2 and Figure 3), lower variation in
population size (q), and stronger density dependence (6; Table) at Eliza suggest that this
surface population has the least risk of extinction. This comparison, however, is only valid if the
relative surface abundances can be compared equally among all sites. For example, do surface
counts at Eliza represent a different proportion of the total population than for Parthenia?
Additional information is required to determine the extent of migration between the surface
and subsurface, how these migration patterns change according to environmental conditions,
how they affect the ratio of surface abundance to total population size at each site, and
whether they explain the pattern of density-dependence.

Whether the density-dependent pattern observed is manifested from migration patterns or
birth and death processes, it is also important to determine what environmental factors may
drive the surface population abundance. If some environmental variable is the primary driver
for E. sosorum surface abundances, identifying which covariates are important should improve
model adequacy, as it did for the GLM, and lead to a more comprehensive understanding of E.
sosorum population dynamics. Alternatives to the use of data from Parthenia as a surrogate for
covariate data for all sites to facilitate model comparison using different lags should be
explored. A potential solution may be incorporating covariates in a future MARSS analysis,
which will allow us to model the observation processes of covariates. Additionally, we may also
extend the MARSS model presented here to include higher-order density dependence (e.g. King
et al. 2009). Serial dependence in the data goes beyond a single time step, and this should be
addressed in future modeling efforts. The survey frequency is likely smaller than the
generation time for E. sosorum (at least several months; City of Austin, unpublished datal, and
there is some evidence of cyclicity in adult populations (particularly Parthenia) from auto­
correlation plots (e.g. Figure 7; Gillespie 2011).
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Figure 7. Autocorrelation plots of adult time series at Parthenia and Eliza. Bottom axis represents
number of time steps. Missing data were interpolated using the spline function in R.

Model Comparison

The MARSS approach has several advantages over the GLM, as used here. The MARSS model

explicitly specifies the serial dependence structure ofthe data within the state process.

Furthermore, the ability to test for density dependence using MARSS is another advantage over

our GLM approach. However, some evidence of cyclicity (Figure 7) may negatively affect

MARSS model fit (Holmes and Ward 2011). Alternative methods may be more appropriate for

dealing with cyclicity (e.g. Holmes 2001), or alternatively, identifying which factors are driving
the cycles (e.g. some environmental covariate).

The ability to partition observation from process error is another theoretical advantage of the

MARSS approach, although the Eliza and Parthenia data did not exhibit a substantial amount of
observation error compared to process error. However we refrain from drawing any conclusion

about the differences in observation error since R was forced to zero in some of the models,
and this may be an indication of poor model fit. It may also indicate that in general,

observation error is typically low for these data. Identifying which factors are driving these

population dynamics may solve the r variance estimation problem (Eli Holmes, personal

communication). Inclusion of environmental covariates in the regression analysis improved

most models, and we suspect this will be the case for a future MARSS analysis as well.
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Pearson residuals for adult count data indicate potential problems with the GLM fit, with the
exception of Upper Barton Spring (Figure 4). The MARSS models did not indicate any
statistically significant trends among the time series analyzed. In contrast, the GLM model
indicated significant negative trends for both size classes at Eliza.

One advantage of the GLM approach we used is that it did not require our raw counts to be log­

transformed, allowing us to model the population trends at Sunken Garden and Old Mill
without the need to induce overly-aggressive data manipulation (Le. adding 1 to count data
changes small counts by a large proportion). Although our GLM model did not incorporate any
parameters to account for serial dependence in the data, we will explore this option in the
future. However, incorporation of environmental covariates was very straightforward. Despite
GLM model fit being less than ideal, we are confident that model improvements due to the
addition of environmental covariates at various lags were real, and information from the GLM
models will be useful in guiding future analyses of these data.

Future Analyses

Future analyses will include the addition of covariates in MARSS modeling as well as the
inclusion of other, potentially informative covariates. Additional covariates may help partly
explain the pattern of density dependence, such as data on predator-prey interactions which
are not currently available. The GLM models use a distributional assumption that is more
realistic for count data, although our implementation did not accommodate serial dependence
(an assumption of the model). Future analysis may include an auto-correlation structure
and/or additional smoothing parameters to help improve model fit.

The MARSS model, as implemented here, only includes an ARl dependence structure. Future
analyses should test for higher-order density dependence (e.g. King et al. 2009). Because the

resolution of our observations is at a much finer scale than the generation time for E. sosorum,
it is likely that population density is regulated by population sizes in periods beyond the
previous month.

Conclusions

Trend analysis using MARSS do not indicate any significant temporal trends in adult or juvenile
salamanders at Eliza or Parthenia Springs, the most frequently inhabited E. sosorum sites,
suggesting that E. sosorum populations were stable (not having a long-term population decline

or increase) from 2004 to 2011 at these sites. In contrast to our MARSS results, the GlM
models indicate declining trends for Eliza and Old Mill.

The negative trends predicted by the GLM are likely influenced heavily by lower salamander
abundances during two consecutive extreme droughts at the end of the sampling period. It is
possible that changes in environmental stressors, such as DO dropping to levels below those we
think occurred in historical droughts (Turner 2004), are altering the previously observed cyclic
patterns in salamander populations. A historically stable population cycling around a mean can
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be adversely affected by the addition of a new stressor. Changing environmental stressors
could result in a population that maintains the same mean but has larger swings, the
population mean could reset to lower levels or the population could become no longer viable.

Both Old Mill and Upper Barton are only sporadically inhabited by salamanders or inhabited at
very low densities for long periods of time, making estimation of population dynamics difficult.
The Old Mill time series contains frequent low- or zero-count survey results, while Upper

Barton Spring frequently runs dry, resulting in many missing data points. These missing data
and zeros made it difficult to practically use MARSS models for these sites. The GLM method
was more amenable to zeros and missing data, and indicated a strong downward trend for Old
Mill adults and juveniles. The slope, which indicates the strength of the downward trend, was 4
times larger at Old Mill than at Eliza. Dissolved oxygen concentrations fell below lethal levels
(Woods et al. 2010) at Old Mill for extended periods in 2006 and 2008-2009 (Turner 2009).

Further examination of the potential sources for the observed decline at Old Mill may aid in
preventing similar declines in other sites.

The GLM of the Upper Barton data showed an increase in juvenile and adult counts since 2004.
The surface at this site goes dry when combined Barton Spring discharge is less than 40 fe/so It
remains to be seen if the higher counts will be found at this site when the current drought
ends. Improvements in the GLM model, possibly including the addition of new covariates to
the GLM to account for factors driving the observed density-dependent suggested by the

MARSS model, are needed to better evaluate the observed declining population trends and
improve GlM model fit.

Non-significant trends and density-dependent growth patterns indicated by the MARSS models

indicate that the Eliza and Parthenia populations have fluctuated around an equilibrium
population size during the years 2004-2011. The strength of density-dependence was stronger
for Eliza adults than Parthenia, but Eliza also exhibited a higher mean population size and lower
variability. In comparison, Eliza may be more robust to due to its higher mean population size
and lower variability. Since both juvenile and adult time series exhibited a density-dependent
growth pattern, we suspect that combining both size classes would not significantly alter our
conclusions. However, we recognize that an ideal analysis would incorporate the age or stage
structure of this data, and complications in the interpretation of density dependence may arise
from inherent lags in individual development and life history (see Lande et al. 2006).

The discovery of density-dependence in E. sosorum populations at Eliza and Parthenia is an

important one, because small populations that are close to extinction typically do not exhibit
density-dependent population growth (Morris and Doak 2002). Although density-dependence
does not guarantee population viability, it is a positive indicator of population viability
compared to a small, density-independent population that cannot reach a carrying capacity.
If E. sosorum populations are periodically reaching carrying capacity, habitat size or habitat
quality may be the limiting factor and future improvements to habitat should correspond to
increases in population size.
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These results increase our confidence in the viability of E. sosorum, particularly for the
Parthenia and Eliza populations, although our optimism must be tempered by several factors.
First, although our time series were relatively long (61 and 71 time-steps respectively for
Parthenia and Eliza, excluding missing data), they only encompass 7 years of monitoring data.
We purposely excluded additional data available from Parthenia and Eliza in this analysis
because we were interested in comparing sites during similar conditions (see Appendix A for
more detail). Such a short time period (seven years) may not be adequate for assessing the
long-term viability of this species.

Second, the effects of the 2008-2009 drought can be seen in the raw counts (Figure 2 and
Figure 3), and the populations do not appear to have fully recovered. Future data and analyses
will shed some light on whether this drought event, along with the current drought of 2011, has
any long-term effects on the population dynamics of E. sosorum.

Third and perhaps most importantly, threats to water quality and water quantity of Barton
Springs still remain. While the declining water quality of Barton Springs is well documented
(Herrington and Hiers 2010; Mahler et al 2011) this point bears repeating. Because E. sosorum
is endemic only to Barton Springs, its future viability depends upon sustaining the Barton
Springs Segment of the Edwards Aquifer as a clean and permanent source of water, a future
condition that is far from certain.
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APPENDIX A- Notes on survey method<; and combining data

Survey History and Data Summary

Eurycea sosorum have been monitored since the 1990's at the four springs (collectively, Barton
Springs) that comprise the extent of their known surface distribution. Monitoring began in
1993 at Barton Springs Pool, and periodic surveys were subsequently added to monitor the
populations at Eliza Spring and Old Mill (1995), and Upper Barton Spring (1997). Surveys have

been predominantly conducted on a monthly basis, although some surveys were missed due to
weather conditions or personnel availability. For this and other analyses where the goal is to
examine population trends for a specific site with consistent survey regimes, we suggest
specific data groupings based on consistency of the survey method and/or site conditions for a
given time frame. These suggestions are meant to highlight the differences between data
collected from different periods and to provide some insight into how the data were handled
for this specific report. Future analysis needs may require different configurations of the data
than we suggest here.

Parthenia (a.k.a. Barton Springs Pool)

Surveys from 1993 through 1997 in Parthenia were done along pre-determined transect lines,
where every 10 feet a 3x3 foot area was searched by removing cover objects (Barton Creek
Report). Additionally, these data were augmented by additional surveys of areas known to
harbor higher densities of salamanders, called "hotspots." The areas surveyed were kept
relatively consistent throughout this time period, and were conducted predominantly by the
same two biologists. After September 1998, transects were omitted and surveys were shifted
to include the "hotspots" only, including the "side spring," "Iittle main," and the "main spring"
sections. Additionally, since transect data were merged with "hotspot" counts on field sheets
prior to 1998, it is impossible to parse the "hotspot" data from the transect data. In 2003,
surveys in each site were made to be consistent by area, and each area was defined as a section
with known dimensions. These "new" survey areas were extended beyond the original
hotspots to include approximately 10-lS' of linear distance beyond the original hotspot survey

areas. However, due to very low salamander densities in these areas, we think that the data
from 1998-2002 may be combined with 2003-present survey data without significant issue.
Based on this information, we recommend partitioning the data into two primary survey
regimes at Barton Springs Pool, roughly corresponding to the periods 1993-1997, and 1998­
present when summarizing data from the three primary sections: main spring, little main, and
side spring.

Sunken Garden

The survey methodology for Sunken Garden prior to 2001 varied greatly. In some instances,
the entire area was surveyed, while in others, only portions were. Surveys from 2001-present
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were conducted in a more consistent manner in the same area on a (mostly) monthly basis.
Based on this information, we only suggest using data from 200l-present. However, changes in
the water level at this site (and therefore, survey area) over time were not considered in our

recommendation.

Eliza Spring

Eliza Spring count data from 1995-1997 are generally unsuitable for analysis of population trend
for several reasons. First, prior to listing (1997), the water level in Barton Springs Pool was
frequently drawn down causing Eliza Spring to go dry. Because Eliza Spring has a concrete
bottom, salamanders were unable to escape with the rapidly declining water levels, resulting in
frequent mortality. These events created an unnaturally variable and unsuitable surface
environment for spring dwelling salamanders. Due to the volatility of the surface habitat prior
to 1998, data for the period 1995-1997 are not useful for understanding natural population
dynamics, but could be useful for characterizing the artificially induced mortality events. In
1998, drawdowns of Barton Springs Pool that cause drying of Eliza Spring were no longer
permitted.

Starting in 2002, habitat restoration began and eventually finished in spring 2004, resulting in
lower water depth, higher surface velocities, and much lower sedimentation compared to
previous conditions. These modifications resulted in an increased abundance of salamanders at
the surface and likely an increase in population carrying capacity at this site. Since we
interested in characterizing the current status ofthe species based on current conditions, it
would be inappropriate to include data collected prior to 2004. In other words, because there
will be different population dynamics due to habitat restoration before and after 2004, a trend
should be based on post-restoration survey data.

Based on this information, we suggest partitioning these survey data into three distinct data
sets: 1995-1997, 1998-2003, and 2004-present.

Upper Barton Spring

Surveys at Upper Barton Spring began in 1997, after E. sosorum was first were discovered
there. Surveys in this area were mostly consistent in terms of the area surveyed, although
fluctuations in wetted area due to spring discharge may contribute to some variation in counts.
Therefore it is not necessary to use sub-sets of these time series survey data for the purpose of
generating a data set with consistent survey regimes.

Combining Data from Different Survey Regimes

There are several reasons why count data collected using multiple survey techniques or survey
regimes cannot be combined, e.g. via a single trend analysis, without accounting for the
differences in methodology. Different survey techniques may actually measure different things
about a population. For example, some methods may be biased towards different sized

SR-12-01 29



animals, or different sexes. Thus, combining a population trend of counts collected with a
male-biased technique with a female-biased technique will yield a trend that reflects

differences in capture probability among sexes or differences in the sex ratio of the population,
and not necessarily differences in the overall population size.

Even if two survey techniques measure the same aspect of a population equivalently (e.g.
females and males are both captured with equal probability among methods), other problems
can arise when combining these methods. Detection probability of individuals may vary
between methods over time, changing the magnitude of the bias between the true population
size and the actual count. Thus, a change in long-term trend may only reflect a change in the

detection probabilities of the two survey methods.

Even if detection probabilities are consistent among different survey methods, if different
methods constitute surveys of different areas, this can also result in bias between the methods.
For example, if one survey covers 10m2 and a later survey covers 20m 2

, counts may be higher in
the larger area because a larger area is more likely to harbor more animals. In some cases, the
effect of area can be negated by modeling density itself, although direct comparisons of density
may be inappropriate if areas surveyed also differ in the amount of quality habitat. For
example, assume biologists conduct 10 surveys in 10m2 of high quality habitat, and then later
switch to include another 10m2 of poor habitat (including the high quality habitat) for the last
10 surveys. It would be incorrect to simply assume that the density between these two survey
regimes can be compared- this would result in an artificially lower density for the second half of

the surveys- even though population size might not have changed, the density did because
additional, low quality habitat was added to the survey and biased the counts downward.
likewise, this analogy can extend to surveys that comprised different levels of observer effort,
for example, quantified by time, rather than area. The resulting assumptions remain the same.
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APPENDIX B- Supplemental Material
2003 - 2011 Barton Eliza Old Mill Upper Barton

MODEL Adult Juv Adult Juv Adult Juv Adult Juv

date 598 530 914 795 357 251 250 156

date DO 593 525 916 795 344 252 251 157

date DO Discharge 600 519 911 790 345 252 252 159

date DO Discharge temp 591 521 912 790 334 247 254 156

One month lag for covariates -

-
date 001 595 528 916 796 345 249 250 153

date 001 Discharge1 594 525 913 788 347 249 248 153

date 001 Discharge1 temp1 595 527 915 789 340 242 250 149.5

Three months lag for covariates

date 003 600 532 915 794 353 236 251 149.0

date 003 Discharge3 601 532 915 789 355 238 252 149.1

date 003 Discharge3 temp3 602 533 913 781 352 228 253 150

-
Six months lag for covariates

-
date 006 588 521 916 789 358 243 251 158

date 006 Discharge6 586 519 917 787 357 230 252 160

date 006 Discharge6 temp6 582 511 916 771 357 225 251 157

Table 2. Summary of best negative binomial GLM models. The trend column indicates whether the
temporal trend in salamander counts was significant (a=0.05), and if so, the direction of the temporal
trend in counts.
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