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 This study utilized the data collected from a standardized acoustic telemetry 

tagging program and historic mark-recapture database to resolve uncertainties in Gulf 

sturgeon mortality and movement rates at spatial scales relevant to management. Using 

multi-state models with river mouth acoustic receiver detections over a two year period, 

I estimated detection probabilities greater than 0.50 across all rivers and time periods. 

River and marine survival rates were similar in all regions except the western Gulf, 

where riverine survival was lower. Gulf sturgeon exhibited non-random fidelity to their 

natal rivers, and were more likely to enter their natal river or genetically related riverine 

population. High fidelity rates to rivers or genetically distinct units combined with 

differential mortality rates spatially provides support for considering Gulf sturgeon stocks 

as distinct population segments. This delineation could be important if population 

segments show divergent evidence of recovery.  

 Using estimates of mortality from the telemetry study and a historic mark-

recapture database, I updated the Gulf sturgeon stock assessment using an age-

structured mark-recapture (ASMR) model. I fit initial marking and recapture data from 

the Suwannee, Apalachicola, and Choctawhatchee Rivers, incorporating uncertainty in 
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initial age assignment, to estimate a time series of abundance, recruitment, and survival 

in each riverine population. Assuming a negative binomial probability distribution, model 

results were possibly divergent depending on pulsed or constant effort sampling 

designs. These results demonstrate important tradeoffs between monitoring time, size 

of the marked population, and capture probability, which are necessary to consider in 

managing a protected species. 



 

13 

CHAPTER 1 
GENERAL INTRODUCTION 

 
 Gulf sturgeon (Acipenser oxyrinchus desotoi) was listed as threatened under the 

Endangered Species Act (ESA) in 1991. Gulf sturgeon are anadromous fish, living in 

estuarine and marine habitat during the winter and migrating annually to riverine 

habitats for spawning and thermal refuge during the summer (Wooley and Crateau 

1985). Currently, Gulf sturgeon utilize riverine environments adjacent to the Gulf of 

Mexico from Louisiana to Florida. Individuals have very high fidelity to their natal rivers, 

but occasionally emigrate to other river drainages after population mixing in centralized 

overwintering locations (Stabile et al. 1996; Parauka et al. 2011). As a species listed 

under the ESA, Gulf sturgeon are currently managed as a single population and is not 

likely recovering at a rate to be delisted by the goal year 2023 (Flowers 2008). 

 Life history characteristics such as spawning periodicity, slow growth, and 

specialized spawning habitats make Gulf sturgeon populations highly vulnerable to 

anthropogenic threat and lead to slow recovery. Mature females require more than one 

year between spawning events, resulting in only a fraction of the mature adult 

population spawning each year (Huff 1975; Fox et al. 2000; Fox et al. 2002). Within their 

range, some rivers with Gulf sturgeon populations have limited access to upstream 

habitat due to obstructions such as dams (Pearl and Apalachicola Rivers), preventing 

individuals from reaching upstream spawning grounds with optimal substrate and flow 

rates (Fox et al. 2000). Gulf sturgeon are at risk for incidental bycatch from trawl and gill 

net fisheries, including commercial shrimp fisheries in federal waters (NOAA et al. 2012) 

and a gar fishery using entanglement gear in southeast Louisiana (USFWS and NMFS 

2009). Point and non-point discharges, coastal dredging, climate change, inadequacy of 
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regulatory mechanisms including limited enforcement, hurricanes, boat collisions, red 

tide, and risk of hybridization from escaped sturgeon aquaculture operations are all 

listed as threats limiting the recovery of Gulf sturgeon (USFWS and NMFS 2009).  

 Since the Gulf sturgeon fishery was closed and the species gained protected 

status, natural mortality (M) was often considered equal to total mortality (Z). Total 

mortality is commonly estimated from tagging studies, as was conducted for Gulf 

sturgeon by Zehfuss et al. (1999), Sulak and Clugston (1999), and Berg (2004). Natural 

mortality can be derived from population dynamics and life history characteristics such 

as longevity (Hewitt and Hoenig 2005), temperature (Pauly 1980), and von Bertalanffy 

growth parameters (Gulland 1983; Jensen 1996). Pine et al. (2001) estimated natural 

mortality from the Gulland method based on the von Bertalanffy shape parameter k, 

relating asymptotic length L∞ to mean length at capture and vulnerability. Flowers (2008) 

used an alternative method to the Jensen method of M=1.5k, instead assuming M=k (C. 

Walters, University of British Columbia, personal communication). Gulf sturgeon natural 

mortality estimates based on life history characteristics were consistently lower than 

estimates from mark-recapture tagging programs. This difference indicated some 

anthropogenic mortality is impacting Gulf sturgeon that may not be consistent across 

populations.  

 Estimates of mortality from tagging programs were laden with high uncertainty 

due to low capture probability and non-cohesive tagging programs between river 

drainages (Pine and Martell 2009). Previous tagging programs that estimated mortality 

relied on the physical recapture of external and PIT tagged fish, with capture probability 

ranging between 0.10 and 0.15. Low capture probabilities are common in aquatic 
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studies (Pine et al. 2003), resulting in high uncertainty in mortality estimates due to 

inadequate inference in the fate of the un-captured fish. When a fish is not captured 

over a series of time periods, the fish could be dead, not present in the sampling area, 

or was present but not captured. Gulf sturgeon riverine population mixing limits our 

understanding of Gulf sturgeon stock structure, anthropogenic and natural threats 

affecting Gulf sturgeon survival, and our ability to homogenize capture probability in 

rivers. The 2009 Gulf sturgeon stock assessment identified the uncertainty in mortality 

estimates as high priority in order to verify the perceived differences in recovery cross 

the geographic range in order to manage the species across its large spatial scale (Pine 

and Martell 2009).  

 Specific management recommendations in the 2009 stock assessment focused 

on improving mark-recapture programs across the Gulf of Mexico and increasing data 

availability to all research groups.  Implementing temporally and spatially consistent 

monitoring programs to increase capture probability of tagged Gulf sturgeon would 

provide better estimates of stock assessment parameters (Pine and Martell 2009). 

Additionally, the 2009 stock assessment identified the need for a standardized, 

centralized database to archive historical data collection and update coordinated 

ongoing tagging efforts (Pine and Martell 2009). Since 2009, NMFS has initiated a 

standardized acoustic telemetry tagging program, creating acoustic receiver arrays at 

Gulf river mouths and using standardized acoustic transmitters and PIT tags. NMFS has 

also created a centralized database for tagging information and assembled historic 

mark-recapture data, with information on all PIT tags, T-bar, and acoustic transmitters 

associated with each individual.  
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 The overall objective of my thesis research was to develop a framework for 

estimating mortality and movement patterns in Gulf sturgeon and use this information to 

develop new, and update existing, modeling frameworks for Gulf sturgeon stock 

assessments to inform management decisions for this species. Chapters 2 and 3 utilize 

data from standardized acoustic telemetry tagging program to estimate demographic 

parameters for Gulf sturgeon, including survival and movement, while Chapter 4 utilizes 

an ongoing mark-recapture database to complete an age-structured stock assessment 

for this species. In Chapter 2, I describe and evaluate a mark-recapture modeling 

framework to estimate movement rates between spatial regions of the Gulf of Mexico, 

including a simulation model to assess uncertainty in parameter estimates. In Chapter 

3, I fit this model from Chapter 2 to data from the first 2 years (of a 5 year study) to 

estimate survival and detection probabilities for Gulf sturgeon at meaningful spatial 

scales. For example, we estimate area-specific survival to identify if there are 

differences in survival rates between Gulf sturgeon populations in the eastern and 

western Gulf. I also provide guidance on how additional years of data will improve 

inference. In Chapter 4, I incorporated uncertainty in initial age assignment to the age-

structured mark-recapture model and present stock assessment results for three rivers 

with Gulf sturgeon spawning populations. I then combined the findings from these 

analyses to make recommendations for Gulf sturgeon management and future 

monitoring programs in Chapter 5.  
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CHAPTER 2 
MOVEMENT RATES AND GULF STURGEON STOCK STRUCTURE IMPLICATIONS 

USING ACOUSTIC TELEMETRY 

 Identification of stock structure is fundamental to fisheries management (Begg 

and Waldman 1999). Understanding how stocks are spatially defined is critical to 

conservation efforts, providing strategic utility in management and resource allocation 

(Hilborn 1990; Ebbin 1996; Begg and Waldman 1999). For rare or protected species, 

management plans often specify that actions should be taken to reduce the risk of 

extinction or promote population recovery to certain levels. If differential threats to 

achieving these goals exist within their range, it may be more appropriate to manage 

population units separately.  

 Hilborn and Walters (1992) defined stock as groups of fish large enough to be 

essentially self-reproducing, with members of each group having similar life history 

characteristics. This definition encompasses a wide range of ideologies previously used 

to define the stock concept. As an example, the “discrete stock concept” maintains that 

very low exchange rates (<1 per generation) are necessary to maintain genetic 

differentiation and distinct groups (Coyle 1998). From a taxonomic perspective, this 

definition may be adequate. In terms of management and conservation of a species, 

greater attention to the potential for managing different components of the population for 

different management objectives (such as harvests) or assessing threats to a species 

(for rare species or threatened populations) is key. Biologists often adhere to the 

“dynamic stock concept” utilizing the environmental stock definition which states that 

populations may adapt separately to their respective environments, despite relatively 

high rates of interpopulation exchange (Coyle 1998).  
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 Traditionally, genetic analysis and morphological characteristics, amongst other 

methods, have been used to produce detailed information on population structure 

identity based on evolutionary time scales of development (Carr et al. 1995; Begg et al. 

1997). In the long term, management should focus on conserving biodiversity of 

exploited fish populations (Carvalho and Hauser 1994). In the case that genetically 

distinct populations of the same species were divergently overfished, management 

objectives would need to utilize the distinct stock concept. However, those methods are 

limited in their ability to identify how populations respond to disturbance over shorter 

time periods. In this way, the dynamic stock concept, assessing behavior and life history 

of individuals of a species over less than one generation, is likely applicable in a 

management context.  

 Defining stocks using alternate methods, including mark-recapture and 

population parameters, may be especially important for species that may move between 

areas with different threats at different life stages (Ihssen et al. 1981; Carvalho and 

Hauser 1994). Mark-recapture studies can inform how species temporally and spatially 

interact and mix, providing direct evidence of movement (Skillman 1989; Coyle 

1998;Begg and Waldman 1999). Mark-recapture methods were used to identify stock 

structure for lake whitefish (Coregonus clupeaformis; Casselman et al. 1981), northwest 

Atlantic herring (Clupea harengus; Stobo et al. 1975), and Gulf of Mexico king mackerel 

(Scomberomorus cavalla; Johnson et al. 1994), reflecting homing fidelity behavior in 

adults and movement from spawning sites by juveniles (Begg et al. 1997; Coyle 1998). 

Stock structure has also been identified using population dynamic parameters (Cushing 

1968; Ihssen et al. 1981; Ebbin 1996; Coyle 1998). These parameters are particularly 
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useful when the main objective of stock identification is for management purposes 

(Ihssen et al. 1981), as this type of information is necessary for developing effective 

management plans. For example, Brown et al. (1987) showed that yellowtail flounder 

(Limanda ferruginea) stocks reacted independently to exploitation despite a 10% 

exchange rate. With the short-term goals of perpetuating economic benefit and long-

term goals of sustaining biodiversity, fisheries management often approaches stock 

definition at some point along a spectrum between the distinct (genetic) and dynamic 

(environmental) stock concepts (Carvalho and Hauser 1994).  

 Mark-recapture methods for identifying animal movement patterns and stock 

structure require that the sample of marked animals is representative of the population 

as a whole. In turn, recaptures of these marked animals must be representative of the 

marked population (Begg and Waldman 1999). In many mark-recapture studies, a key 

challenge is recapturing a high proportion of the previously marked individuals from 

which to estimate parameters of interest (Pine et al. 2003). In many cases, particularly 

with aquatic species, capture probability is low (Pine et al. 2003; Lauretta et al. 2013). 

Traditional studies where recaptures are based on the animals being physically 

captured often estimate capture probabilities between 0.05 and 0.15. In telemetry 

studies, a detection can be interpreted as “virtual” recapture of a tagged fish (Hightower 

et al. 2001) where the detection confirms the (1) identity of the fish, (2) the location, and 

(3) the date/time stamp of the observation. This virtual recapture approach can lead to 

much higher capture probabilities than traditional tagging programs (Ihssen et al. 1981). 

Higher capture probability expands the utility of a mark-recapture program by allowing 
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for direct assessment of tagged animal movement patterns and survival (Hightower et 

al. 2001; Heupel et al. 2006).  

 The objectives of this chapter were to (1) develop and evaluate a modeling 

framework to estimate movement and survival parameters for Gulf sturgeon from 

acoustic telemetry based on tag life, number of tags deployed, and detection rate and 

(2) using the framework established in objective (1), fit data collected by research 

cooperators for Gulf sturgeon to estimate river fidelity and emigration rates. My methods 

provide an example for temporally and spatially collapsing continuous acoustic 

telemetry data into discrete intervals to estimate objective parameters without bias.  

Methods 

Acoustic Tagging Program 

 In 2010, NMFS initiated a standardized acoustic telemetry tagging program to 

resolve uncertainties in natural mortality and movement rates that were identified in the 

2009 Gulf sturgeon stock assessment as high priority (Pine and Martell 2009). VEMCO 

VR2W (Vemco-Amirix Systems, Halifax, Nova Scotia) acoustic receivers were deployed 

during late summer 2010 at the mouths of nine rivers adjacent to the Gulf of Mexico 

known to support Gulf sturgeon spawning populations, including the Pearl, Pascagoula, 

Escambia, Blackwater, Yellow, Choctawhatchee, Apalachicola, Ochlockonee, and the 

Suwannee Rivers (Figure 2-1). In some rivers with braided mouths, receivers were 

placed in the main river mouth and a few nearby small distributaries considered in the 

same drainage. All Gulf sturgeon in this study were initially captured during fall out-

migrations of 2010 and 2011 by cooperating state, federal, and academic scientists 

using drift or anchored gill nets. VEMCO V16 acoustic transmitters (6H) were inserted 

surgically into the gastric cavity of captured individuals considered to be adults (total 
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length > 1350 mm) following standardized surgical procedures (NMFS and USFWS 

2010). Acoustic transmitters were surgically implanted internally to reduce tag loss 

(Bridger and Booth 2003; Welch et al. 2007). Transmitters were uniquely coded and 

emitted a signal every 90 seconds with an operating life of about six years. I assumed a 

common starting date for all acoustic detections as June 2010 because individual 

receivers were deployed at different starting times. My study only includes a portion of 

the actual data that will be collected as part of this project as tags will be deployed 

through 2013 and receivers will remain in place through 2015. Specific sampling 

procedures and initial data associated with the standardized acoustic telemetry tagging 

program are detailed in NMFS reports (Baremore and Rosati 2011; 2012) 

 The sample size of Gulf sturgeon with acoustic transmitters deployed in each 

river varied from 1 to 55 per year, resulting in a total between 12 and 105 in each river 

over the two year period of data I used (Table 2-1). In general, the number of 

transmitters deployed in the western Gulf (Pearl and Pascagoula Rivers) was lower than 

the number deployed in the central or eastern Gulf. Due to the placement of receivers at 

the entrances to rivers, most Gulf sturgeon detections occurred during the spring period 

of migration into the rivers (March – May) and fall outmigration from the rivers to the sea 

(September – November) (Table 2-2).  

Multi-state Model 

 To estimate area-specific movement rates for Gulf sturgeon using the telemetry 

based mark-recapture data, I used a multi-state model in Program MARK. The multi-

state model estimates three parameters: capture probability, apparent survival, and 

transition probability. Capture probability is the likelihood an individual is physically 

recaptured or acoustically detected (detection probability) during each time interval. 
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Apparent survival is the joint probability of surviving to the next time step (true survival) 

and the probability that the animal is not present in the sampling area during the current 

time step (temporary emigration). Transition probability is the likelihood that an animal 

moves between “states” defined in the data structure. In my case, the state is 

geographic (i.e. which river the fish enters during in-migration) but can also be 

physiological or behavioral (e.g. transition between immature and mature). The multi-

state model is related to the classic Cormack-Jolly-Seber model, sharing the basic 

assumptions that (1) all individuals in the population (both marked and unmarked) have 

the same capture probability, (2) all marked individuals have the same probability of 

dying or permanently emigrating, (3) tags do not increase the probability of death, and 

(4) tags are not lost or overlooked. The multi-state model works in a maximum likelihood 

framework using a multinomial function to estimate the likelihood of the observed 

capture histories given the model structure (White and Burnham 1999). A key utility of 

the multi-state model is the ability to estimate area-specific parameters. 

 In cases when 100% of individuals are available to be captured or detected 

during each time period, incorporating the transition probability between states absorbs 

the temporary emigration probability from apparent survival, and the multi-state model 

estimates true survival. In my case, however, there is some possibility that an individual 

violates my assumptions about movement through their annual migration, so I 

conservatively assume my model estimates apparent survival.  

Data Structure 

 I used knowledge about the biology of Gulf sturgeon to develop a framework for 

structuring data that would be able to estimate my objective parameters in the 

complementary multi-state modeling framework. With virtual recaptures based on 
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telemetry relocations, a tagged Gulf sturgeon could be detected hundreds of times 

within a given day if the fish remained stationary within the detection range of the 

acoustic receiver. For the purposes of estimating movement, I chose to bin data at 

monthly time steps to inform the model time step. This is based on knowledge of Gulf 

sturgeon life history where fish are thought to move into river systems from estuarine 

environments during early spring, remain in the rivers during summer, and then move in 

the fall from the rivers into the estuarine and marine habitats (Wooley and Crateau 

1985). Because of these movement patterns, I anticipated that detections on the 

receivers at the mouth of each river would be sparse except during periods of in-

migration or out-migration between river and marine habitats. Because no data were 

added during these periods when Gulf sturgeon movement was not occurring, the lack 

of data would not add information to the likelihood probability. Therefore I temporally 

collapsed the monthly detections into two seasons per year, the out-migration 

(September – February) and the in-migration (March – August), to maximize information 

contributed from each time interval (Figure 2-2). Grouping the data this way satisfies the 

model assumption that each discrete time interval is the same length.  

Creating the Transition Matrix 

 Detections were denoted with an alphabet location code to describe the river 

drainage where the fish was detected during the time interval (nine possible river 

drainages). Due to the spatial setup of the sampling design the movement “AA” 

unadjusted represents the joint probability of a fish migrating into river A from the 

marine environment and moving out of river A after summer residence. To differentiate 

in-migration return rates from out-migration movement out of rivers, I added a marine 

state. All river drainage alphabet codes during out-migration time periods were 
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substituted with “M” indicated movement into the estuary and marine environment 

(Figure 2-2). This method assumed a fish detected at the river mouth during the out-

migration moved into the estuary and stayed in the marine environment for the 

remainder of the fall and winter seasons. Under this structure, the return rate is 

represented as the probability of moving from the marine environment into a river 

(“MA”). The movement of Gulf sturgeon out of the rivers is represented as the 

probability of moving from a river into the marine environment (“AM”). I assumed 100% 

of fish left the rivers during out-migration, supported by Wooley and Crateau (1985), 

also facilitating model convergence by estimating fewer parameters.  

 Estimating the transition parameter as state-specific produces a transition matrix 

to display movement probabilities between the marine and river environments. State-

specific movement rates should be interpreted as the probability of any fish entering 

each state, regardless of natal river or any previous location. Assuming population 

mixing at centralized overwintering marine habitats (Parauka et al. 2011), this model 

would assume individuals migrate into rivers randomly or based on preferred habitat or 

environmental factors.  However, early studies of Gulf sturgeon migration support the 

hypothesis that individuals return to their natal river after winter population mixing 

(Wooley and Crateau 1985). The “memory model” (Hestbeck et al. 1991; Brownie et al. 

1993)  considers second-order Markovian transitions, where the state at time t+1 

depends on a series of past locations prior to time t. Although it is not possible for 

Program MARK to estimate the probability of movement based on a series of previous 

states, I assumed each individual’s tagging location was its natal river and associated 

each individual capture history with a natal river “group”. Using the group structure in 
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Program MARK, I estimated the transition parameter dependent on state and natal 

river. Under this parameter structure, for example, I can estimate the probability of a fish 

from river A returning to river A separately from a fish from river B returning to river A.  

 However, movement between the marine environment and nine river drainages, 

estimated separately for each focal river, represents 162 transition parameters alone. 

To limit the number of transition parameters and facilitate model convergence, I 

explored two approaches to collapse the data and reduce the number of terms 

estimated.  

Transitions by natal river 

 In order to estimate river-specific movement rates, I subset capture histories by 

natal river, so each of the nine subsets contained transmitters from only one river 

drainage. This method did not include all rivers in the same analysis. The number of 

states for the river-specific method varied by focal river. As an example, if no fish 

tagged in the Suwannee River emigrated during the time series, the analysis would only 

have two states (Suwannee River and marine). If fish tagged in the Suwannee River 

emigrated at any point to the Ochlockonee and Apalachicola Rivers, the analysis would 

have four states (Suwannee, marine, plus two other rivers).  

Transitions by genetic area 

 I collapsed the nine river drainages into four genetically distinct units by allele 

frequency supported by two genetic analyses (Stabile et al. 1996). This allowed me to 

estimate area-specific parameters and included transmitters from all areas in the same 

analysis. Genetic groupings included (1) West: Pearl and Pascagoula Rivers, (2) 

Escambia Bay: Escambia, Blackwater, and Yellow Rivers, (3) Choctawhatchee River, 

and (4) East: Apalachicola, Ochlockonee, and Suwannee Rivers. I assigned natal areas 
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to each capture history for the ability to estimate transition parameters as state- and 

natal area-specific.   

Generated Data 

 Given limited sample size of tagged Gulf sturgeon and relatively short term of the 

study, I conducted a simulation test to verify the multi-state model would estimate 

unbiased and precise parameter values under the given sampling design and model 

structure. I simulated tag detections using assumed survival, detection, fidelity, and 

emigration probabilities informed by previous studies (Table 2-3; Huff 1975; Sulak and 

Clugston 1999; Fox et al. 2000; Berg 2004; Ross et al. 2009). The data generated 

extended over a two-year period, representing the initial two years of the five year 

NMFS standardized acoustic telemetry tagging program. Capture histories were 

generated first on a monthly time scale then collapsed into in- and out-migration 

seasons, mimicking my temporal collapse applied to receiver detections described 

above. The simulation used Bernoulli trials consisting of three basic steps for each 

individual: (1) Hypothetical location – which river is the fish near each month, based on 

its tagging location? (2) Survival – given the fish’s previous location, does it survive to 

the next month? (3) Detection – given the fish survives, is it detected? 

 I conducted these simulations for both the river-specific and genetic area-specific 

methods of spatial data collapse. Under the river-specific method, I tested three levels 

of tag sample size to include a range of the number of transmitters deployed: low (n=28 

transmitters), medium (n=40 transmitters), and high (n=105 transmitters). These levels 

were relative to the number of tags biologists in each region were able to deploy over 

two years (Table 2-1). The genetic area-specific method included various sample sizes 

of deployed transmitters from each genetic area in the same analysis.   
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Model Structures 

 I tested several model structures to estimate fidelity and emigration rates without 

estimation failure. Under the river-specific spatial collapse method, state-dependent 

transitions inherently estimate non-random, Markovian emigration because each 

analysis considers transmitters from one focal river at a time. Under the genetic area 

spatial collapse method, the transition parameter was considered either random (state-

dependent) or non-random Markovian (state- and natal river-dependent). For both 

spatial collapse methods, I explored constant, migration season, and state-dependent 

detection probability as well as constant and state-dependent survival rates. Models 

were built using all possible combinations and compared using Akaike Information 

Criterion corrected for small sample size (AICc).  

Fitting model structures to generated data 

 I ran the respective model structures described above for each spatial collapse 

method using generated data. AICc should provide the most support for Markovian 

emigration with constant detection probability and area-specific survival, since this was 

the model used to simulate the data.  

 I conducted 1,000 iterations of data generation and their respective model runs 

for each spatial collapse method to understand the accuracy of model estimates. I 

calculated the number of model runs that resulted in estimation failure, defined as a 

parameter value that cannot be estimated given the data available. Estimation failure is 

often manifested as a lower confidence limit of 0 (or near 0) and an upper confidence 

limit of 1, lower and upper confidence intervals equal to the maximum likelihood 

estimate, or non-number confidence limits (NA). In the river-specific spatial collapse 

method, estimation of transitions that do not occur in the dataset would result in failure. 
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Although these instances cannot be counted in the simulations, their existence is just 

something to consider. For example, if the Suwannee River is the focal river, estimating 

the probability a Gulf sturgeon would move between the Suwannee and Pearl River will 

result in failure because no fish were observed moving from the Suwannee to the Pearl. 

I also measured model inaccuracy as the number of iterations where the true movement 

rate did not fall within the 95% confidence intervals. Precision of parameter estimates 

was approximated using the range of mean parameter estimates from simulated 

iterations.  

Fitting model structures to real data 

 Although the same models were run for each river and spatial collapse method, 

AICc values could not be directly compared between these spatial scales and structures 

due to the way data were split and grouped. AICc measures the relative goodness of fit 

of a model (Akaike 1973) therefore two non-identical datasets cannot be directly 

compared using AICc. Each analysis under the river-specific spatial collapse method 

utilized a completely unique set of transmitters divided by natal river. The genetic area 

spatial collapse method utilizes all transmitters in the same analysis. The genetic 

grouping further adjusts the data structure (individual rivers versus rivers grouped by 

genetic relatedness). Even if the same model has the lowest AICc for multiple rivers or 

spatial collapse methods, the movement rates would refer to spatially different 

occurrences. State-dependent transitions are river-specific under one collapse method 

(e.g. MarineSuwannee) and genetic area specific with the other (e.g. MarineEast). 

To simplify analysis, I chose only one parsimonious model for all rivers under the river-

specific collapse method, but considered the implications of different rivers having 

divergent model fits. I chose the most parsimonious model for the genetic area-specific 
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collapse method independently of the river-specific collapse method, with the goal of 

estimating movement rates without estimation failure. 

Results 

Simulation Test 

 The simulation test showed that on average, the multi-state model estimated 

unbiased parameter values given the sampling design and my model structures (Figure 

2-3). Precision of mean parameter estimates around the true parameter value increases 

with increased number of tagged Gulf sturgeon. Mean parameter estimates from an 

area with a low sample size of transmitters deployed had a much greater range around 

the median mean estimate than those from an area with a high sample size (Figure 2-

3). When few Gulf sturgeon were tagged in a riverine environment, a higher proportion 

of model runs resulted in estimation failure and inaccuracy (Table 2-4).  

Movement Rates Estimated from Real Data 

 Under the river-specific spatial collapse method, I chose to analyze movements 

using the model assuming constant survival and migration season-dependent detection 

probability. This model had the most AICc support for four of the nine river populations 

(Table 2-5). The model with constant survival and detection probability best fit the data 

from five of the nine riverine populations of Gulf sturgeon, but in each of these cases the 

respective model considering migration season-dependent detection probability was not 

significantly different (delta AICc < 3). For the four rivers with the most support for 

season-dependent detection probability, the model assuming constant detection 

probability was significantly different (delta AICc > 3). This information complemented 

my interest in understanding how detection probability differed between the in-migration 

and out-migration, resulting in my model choice for estimating river-specific rates. To 
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estimate movement rates between genetic units, I chose the model that estimated state-

specific survival and detection probability with Markovian emigration, which received the 

most AICc support and meets Gulf sturgeon management objectives (Table 2-6). 

 Under both spatial collapse methods and across all states using real data, 

detection probability was estimated to be much higher than the conservative assumed 

detection probability utilized in data generation (Table 2-3; Table 2-7; Table 2-8). 

Therefore, I can expect a higher chance of accuracy than was observed in the 

simulation.  

 River-specific fidelity rates could be estimated without failure for all rivers except 

the Pearl, Pascagoula, and Suwannee (Table 2-9). Tagged individuals from the latter 

three rivers never emigrated to any other river drainage within the two year period 

analyzed, resulting in estimation failure for the fidelity parameter. Estimation failure was 

likely because the model had difficulty estimating the parameter at its upper boundary. 

Gulf sturgeon had relatively high fidelity estimates for other riverine populations (Table 

2-9). When Gulf sturgeon emigrated, they generally moved into nearby rivers. Gulf 

sturgeon movement rates were greater into rivers within areas of similar genetics 

compared to nearby rivers with populations that are not genetically (Table 2-9). For all 

movements that occurred during the two year period, their probability was able to be 

estimated without failure. 

 Genetic area fidelity rates were higher than individual fidelity rates to rivers 

identified genetically (Table 2-10). Even though I pooled data from Gulf sturgeon tagged 

in the Pearl and Pascagoula Rivers into a “western Gulf” group, the rates of fidelity and 
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emigration estimated resulted in failures at the upper and lower boundaries because 

Gulf sturgeon did not move into other geographic areas during the two-year period.  

Discussion 

 The long-term recovery objective identified in the 1995 Gulf sturgeon Recovery 

Plan was to “establish population levels that would allow delisting of the Gulf sturgeon in 

discrete management units,” which could occur by 2023 if the required criteria were met 

(USFWS 1995). Discrete management units could be defined loosely based on river 

drainage or genetic units (Stabile et al. 1996). However, because the Gulf sturgeon is 

listed as a species throughout their range, only the species as a whole could be 

considered for delisting. Before even considering a potential delisting, assuming 

recovery criteria are met, delisting Gulf sturgeon by anything other than the species 

would first require change in their ESA designated population into “distinct population 

segments” (DPS).   

 The tagged Gulf sturgeon in this study expressed very high homing fidelity to the 

rivers where they were originally tagged. Gulf sturgeon had a relatively low probability of 

emigrating outside of their genetic area. Although population mixing is a function of 

distance, my initial estimates suggest higher rates of movement between the eastern 

and central Gulf, with very low rates of movement in and out of the western Gulf. Even 

over the short time period analyzed, estimates of detection probability (0.46-0.95) were 

higher than estimates from PIT tag programs (0.10-0.15) (Pine and Martell 2009), 

enabling me to estimate river return rates with reasonable confidence intervals (range of 

0.10 for genetic areas, 0.20-0.30 for rivers). However, given latitudinal similarity across 

the geographic range of Gulf sturgeon populations, homing fidelity is not enough to 

define Gulf sturgeon riverine populations or genetically distinct units as markedly 
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separate, important populations. More information would be needed to prove 

significance of treating Gulf sturgeon riverine populations differently through DPS 

criteria. 

 In this study, I assumed 100% movement out of rivers after the summer months 

and zero tag loss. The detection, survival, and movement rate parameters are 

potentially confounded (Schaub et al. 2004). With very low detection probability, it is 

difficult to infer whether un-detected individuals died, remained in the marine 

environment over summer months, did not migrate out of the river after summer 

inhabitance, or moved through the river mouth out of detection range. Informed 

assumptions are useful in eliminating the uncertainty around some of these possibilities, 

allowing for better inference in objective parameters. Field biologists on the Suwannee 

River regularly catch Gulf sturgeon at holding sites throughout the summer months, but 

individuals become sparser into August and September (K. Sulak, USGS, personal 

communication). Similarly, fall out-migration tagging efforts on the Apalachicola River 

and others sampled by USFWS are often deemed risky based on the fear of missing the 

majority of individuals moving out into the marine environment (F. Parauka, personal 

communication). If my assumption of 100% movement out of rivers is violated in reality, 

my estimates of Gulf sturgeon survival and detection probability would be biased. An 

alternative to the assumption of 100% movement out of rivers could be 100% detection, 

but this is much less realistic due to the branching nature of river mouths and limits of 

technology. Additional acoustic coverage with more receivers at the mouth of each river, 

combined with receivers upstream and in the marine environment, would likely increase 

detection rate and potentially more accurately confirm river and marine locations of Gulf 
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sturgeon. However, given the fixed array coupled with the life history of this 

anadromous fish, I assumed 100% movement out of rivers (Lebreton et al. 1992).  

 Although this study assumes zero tag loss, a low portion of the tags are thought 

to be shed (D. Fox and N. Willett, Delaware State University, personal communication). 

With surgical implantation, tag loss is possible due to bacterial infection at the wound 

(Daniel et al. 2009) or sutures dissolving before the incision is healed (Bridger and 

Booth 2003). Tag shedding and mortality are difficult to separate. The assumption of 

zero tag loss would lead to negative bias in survival rate estimates if the rate was in fact 

higher, further increasing uncertainty around all parameters (Arnason and Mills 1981). 

Uncertainty in Gulf sturgeon acoustic transmitter tag shedding could be determined 

through an alternative application of the multi-state model (Conn et al. 2004). All Gulf 

sturgeon surgically implanted with acoustic transmitters in this study are also tagged 

with internal PIT tags. Therefore, “states” could represent the state of tag retention 

given known initial tags (i.e. acoustic and PIT tag, acoustic only, PIT only). Because 

Gulf sturgeon are long-lived, a negatively biased survival rate estimate would impact my 

ability to assess how Gulf sturgeon recovery from mortality events and habitat changes. 

 Another modeling issue was difficulty estimating movement rates at the upper 

and lower boundaries (0 and 1). Estimating fidelity rates to the Pearl, Pascagoula, and 

Suwannee Rivers resulted in failure, manifested as non-number confidence intervals 

(NAs). Ad hoc observation of the data showed no individuals from these rivers 

emigrated during the two year period. The estimation failure was not due to low sample 

size. Other riverine populations had lower sample sizes of tagged Gulf sturgeon than 

the Suwannee River (e.g. Ochlockonee River), but the fidelity rate was still estimation 
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without failure. Furthermore, the fidelity rate estimation failure persists when the sample 

size of deployed transmitters in the Pearl and Pascagoula Rivers are pooled under the 

genetic area spatial collapse method. Estimation failure at the upper and lower 

boundaries could be resolved with adjustment of the link function used in Program 

MARK. This study utilized the default multinomial logistic regression (logit) link function 

for estimating transition parameters, as it is the only link function that constrains 

transitions from the same state to sum to 1.0 (White and Burnham 1999). However, logit 

link functions are renowned for having difficulty estimating parameters at the 

boundaries. This issue was not immediately apparent from results of the simulation test 

because my assumed fidelity rate (0.80) was lower than observed rates. Although I 

have not currently worked through a method of estimation movement rates at the 

boundary with adequate certainty, it is clear for management purposes that fidelity rates 

in these areas could be extremely high.  

 The two spatial collapse methods represent variations in the presentation of 

emigration probabilities. An advantage of the river-specific spatial collapse method is 

the ability to estimate, with adequate certainty, movements between river drainages that 

did occur during the time period. However, this method only provides estimates for the 

emigrations that occurred within the two year period. The maximum likelihood 

framework of analysis can only estimate the likelihood of an observation. For example, 

although the possibility of a Gulf sturgeon tagged in the Suwannee River moving into 

the Ochlockonee River is entirely logical given their close proximity, it was not observed 

during the two year monitoring period likely due to low sample size. The genetic unit 

spatial collapse method is a useful tool for estimating area-specific survival rates, if Gulf 
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sturgeon movement is restricted geographically or between genetically similar 

populations. Because all genetic unit “states” are included in the same analysis, the 

model estimates transition probabilities between each (albeit low and with estimation 

failures). Especially due to the short time period of telemetry detections and limited 

sample size of transmitters monitored, movement rates need to be presented as 

probabilities, rather than number of individuals or presence/absence. The spatial 

collapse utilized in this study and associated movement rates of Gulf sturgeon between 

regions of the Gulf of Mexico are important for understanding the spatial differences in 

mortality and appropriately managing Gulf sturgeon populations.  

 The results of this study have significant management implications for Gulf 

sturgeon under ESA as well as Natural Resource Damage Assessment (NRDA) 

legislation. Quantifying river return rates across the Gulf addresses goals for the NRDA 

investigation following the Deepwater Horizon Oil Spill (NOAA 2012). NRDA is 

responsible for conducting assessment of Gulf sturgeon in relation to oil-inflicted areas. 

This study demonstrates that in the two years directly after the oil spill, Gulf sturgeon 

continued to exhibit high fidelity rates to both their genetically distinct regions and natal 

river drainages. The eastern and western areas of the Gulf exhibited the highest 

probability of site fidelity (0.98 and 1.00, respectively). These findings would imply that 

area-specific anthropogenic threats non-randomly affect Gulf sturgeon populations due 

to the low movement rates between far-away areas. Therefore, I would expect Gulf 

sturgeon exposed to area-specific anthropogenic threats to be in greater danger than 

populations on the other side of the Gulf. Because this study utilizes a greater sample 

size of tagged Gulf sturgeon than any other published study of winter movement (e.g. 
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Ross et al. 2009; Parauka et al. 2011), these results provide greater inference for 

scientists to understand Gulf sturgeon population dynamics and estimate demographic 

parameters. I believe both NMFS and NRDA should utilize the framework developed, 

with the additional three years of data collected in the acoustic telemetry monitoring 

program, to update the movement rates of Gulf sturgeon throughout the Gulf of Mexico.  
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Table 2-1. Number of acoustic transmitters surgically implanted in Gulf sturgeon 
annually by location.  

River 2010 2011      

Pearl 11 1      

Pascagoula 15 13      

Escambia 30 14      

Blackwater 31 20      

Yellow 33 21      

Choctawhatchee 55 50      

Apalachicola 20 20      

Ochlockonee 0 17      

Suwannee 20 20      

Total 215 176      
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Table 2-2. Number of individual Gulf sturgeon acoustically detected during each month 
of the sampling period, used to verify seasonal groupings. Months 9, 10, 11 
(September, October, November) and 3, 4, 5 (March, April, May) are peak-
migration periods. 

Month/Year # of Fish Detected   

6/10 5   

7/10 0   

8/10 2   

9/10 60   

10/10 149   

11/10 25   

12/10 3   

1/11 0   

2/11 2   

3/11 61   

4/11 101   

5/11 30   

6/11 7   

7/11 8   

8/11 22   

9/11 28   

10/11 206   

11/11 94   

12/11 21   

1/12 8   

2/12 19   

3/12 172   

4/12 116   

5/12 45   

6/12 18   

 



 

39 

Table 2-3. Assumed parameter values for all tagged Gulf sturgeon used to generate 
detection histories to test whether the multi-state model is unbiased. 

Parameter 
Assumed Value for 
Data Generation 

Annual marine survival 0.80 

Annual river survival 0.90 

Monthly detection probability (Mar – May and Sept – Nov)  0.10 

Monthly detection probability (Dec – Feb and June – Aug) 0.02 

Annual fidelity rate 0.80 
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Table 2-4. Proportion of estimation failure and confidence intervals not including true 
parameter values for fidelity and emigration rates.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Note: Out of 1,000 iterations of generated data and model runs, based on variable 
number of tagged Gulf sturgeon in each riverine population (upper portion) and pooled 
number of tagged Gulf sturgeon in each genetically distinct unit (lower portion). 

 
   Estimation Failure True Value Not In CI 

River-specific 
transitions 

Fidelity Emigration Fidelity Emigration 

Low sample size 0.21 0.08 0.16 0.62 

Medium sample size 0.10 0.06 0.09 0.48 

High sample size 0.01 0.03 0.05 0.16 

     
Genetic Area 
Transitions 

    Pooled Low 0.07 0.08 0.11 0.37 

Pooled Medium 0.01 0.07 0.05 0.11 

Pooled High 0.00 0.07 0.06 0.10 

Pooled Highest 0.00 0.02 0.06 0.06 
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Table 2-5. AICc table comparing models of Gulf sturgeon population dynamics for river-
specific movements.  

 
  Model 

Lowest delta 
AICc 

  

S(.)p(.)Psi(.) Suwannee, 
Apalachicola, 
Choctawhatchee, 
Yellow, 
Pascagoula, 
Pearl 

  

 
   

S(.)p(m)Psi(s) Ochlockonee, 
Blackwater, 
Escambia 

  

  
  

S(.)p(s)Psi(s) 0   

S(s)p(.)Psi(s) 0   

S(s)p(m)Psi(s) 0   

S(s)p(s)Psi(s) 0   

S(.)p(s*m)Psi(s) 0   

S(s)p(s*m)Psi(s) 0   
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Table 2-6. AICc table comparing models of Gulf sturgeon population dynamics for 
genetic area-specific movements. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Note: “s” denotes a parameter as state-dependent, “m” migration season-dependent, “g” 
natal river group dependent, and “.” represents constancy across states, times, and 
groups. 
 
  

Model delta AICc     

S(s)p(s)Psi(s*g) 0     

S(s)p(m)Psi(s*g) 2.4     

S(.)p(s)Psi(s*g) 3.4     

S(.)p(m)Psi(s*g) 4.9     

S(s)p(s*m)Psi(s*g) 11.0     

S(.)p(.)Psi(s*g) 13.3     

S(.)p(s*m)Psi(s*g) 14.2     

S(.)p(m)Psi(s) 799.2     

S(.)p(s)Psi(s) 805.4     

S(.)p(.)Psi(s) 807.7     

S(s)p(s)Psi(s) 808.9     

S(s)p(.)Psi(s) 810.4     

S(.)p(s*m)Psi(s) 815.7     

S(s)p(s*m)Psi(s) 819.4     
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Table 2-7. Detection probabilities of Gulf sturgeon by river for in- and out-migration 
periods with lower (LCL) and upper (UCL) confidence limits.  

River 
Migration 
Period 

Estimate LCL UCL 
  

Pearl Out 0.55 0.23 0.83   

In 0.84 0.47 0.97   

Pascagoula Out  1.00 1.00 1.00   

In 1.00 1.00 1.00   

Escambia Out 0.47 0.29 0.66   

In 0.79 0.64 0.89   

Blackwater Out 0.46 0.26 0.67   

In 0.76 0.57 0.88   

Yellow Out 0.48 0.32 0.65   

In 0.57 0.47 0.67   

Choctawhatchee Out 0.67 0.53 0.79   

In 0.68 0.59 0.76   

Apalachicola Out 0.86 0.47 0.98   

In 0.78 0.58 0.90   

Ochlockonee Out 0.51 0.23 0.76   

In 1.00 1.00 1.00   

Suwannee Out 0.95 0.70 0.99   

In 0.93 0.79 0.98   
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Table 2-8. Detection probabilities of Gulf sturgeon by geographic areas based on 
genetic analysis with lower (LCL) and upper (UCL) confidence limits. 

Genetic Area State Estimate LCL UCL       

West 0.65 0.48 0.79      

Escambia Bay 0.71 0.62 0.79      

Choctawhatchee 0.71 0.61 0.79      

East 0.85 0.74 0.92      

Marine 0.62 0.54 0.69      

Note: West = Pearl and Pascagoula Rivers, Escambia Bay = Escambia, Blackwater, 
and Yellow Rivers, Choctawhatchee is the Choctawhatchee River by itself, East = 
Apalachicola, Ochlockonee, and Suwannee Rivers, and Marine is the pooled detection 
probability during out-migration from all geographic areas.
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Table 2-9. Transition probabilities of Gulf sturgeon movement between rivers; 95% confidence intervals in parentheses.  

  Pearl Pascagoula Escambia Blackwater Yellow Choctawhatchee Apalachicola Ochlockonee Suwannee 

Pearl 1.00 x x x x x x x x 

  (NA,NA)   
       

Pascagoula x 1.00 x 0.02 x x x x x 

    (NA,NA)   0.00,0.13)   
    

Escambia x x 0.69 0.24 0.10 0.05 x x x 

  
  (0.55,0.80) (0.14,0.38) (0.04,0.22) (0.02,0.11) 

   
Blackwater x x 0.13 0.29 0.16 0.01 x x x 

  
  (0.07,0.25) (0.18,0.43) (0.08,0.29) (0.00,0.06) 

   
Yellow x x 0.02 0.35 0.72 x x x x 

  
  (0.00,0.12) (0.23,0.49) (0.58,0.83)   

   
Choctawhatchee x x 0.15 0.10 0.02 0.93 0.05 x x 

   
(0.08,0.28) (0.04,0.22) (0.00,0.13) (0.87,0.97) (0.01,0.18)     

Apalachicola x x x x x 0.01 0.75 x x 

      
(0.00,0.06) (0.59,0.86) 

 
  

Ochlockonee x x x x x x 0.18 0.56 x 

      
  (0.09,0.32) (0.25,0.82)   

Suwannee x x x x x x 0.03 0.44 1.00 

      
  (0.00,0.16) (0.18,0.75)  (NA,NA) 

Note: Columns indicate natal river and rows denote destination. Estimates along the diagonal represent fidelity rates. An 
“x” indicates a transition that did not occur within the two year period (one type of estimation failure) and italicized text 
indicates one of the three alternate forms of estimation failure (both 95% confidence limits equal to maximum likelihood 
estimate, lower confidence limit is at or near 0 and upper confidence limit is 1.0, or non-number (NA) confidence limits). 
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Table 2-10. Transition probabilities of Gulf sturgeon between geographic areas based on genetic analysis; 95% 
confidence intervals in parentheses.  

  West Escambia Bay Choctawhatchee East 

West 1.00 0.01 0.00 0.00 

 
(0.00,1.00) (0.00,0.05) (0.00,1.00) (0.00,1.00) 

Escambia Bay 0.00 0.90 0.06 0.00 

 
(0.00,0.00) (0.84,0.94) (0.02,0.12) (0.00,0.00) 

Choctawhatchee 0.00 0.09 0.94 0.02 

 
(0.00,1.00) (0.05,0.15) (0.87,0.97) (0.01,0.09) 

East 0.00 0.00 0.01 0.98 

 
(0.00,0.00) (0.00,1.00) (0.00,0.05) (0.90,0.99) 

Note: Columns indicate natal area and rows denote destinations. Estimates along the diagonal represent fidelity rates. 
Italicized text indicates one of the four forms of estimation failure (no individuals moved between the natal area and 
destination, both 95% confidence limits equal to maximum likelihood estimate, lower confidence limit is at or near 0 and 
upper confidence limit is 1.0, or non-number (NA) confidence limits).
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Figure 2-1. Map of Gulf of Mexico and adjacent rivers with VEMCO VR2W acoustic 
receivers gating their entrances. Rivers with known Gulf sturgeon populations 
are, from west to east: Pearl, Pascagoula, Escambia, Blackwater, Yellow, 
Choctawhatchee, Apalachicola, Ochlockonee, and Suwannee. State and 
federal waters are indicated by white contour line. [Courtesy of Amanda Frick, 
NOAA]. 
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Figure 2-2. Example capture histories of Gulf sturgeon acoustically detected at river 

mouths, collapsed into discrete time intervals. A) 12 months. B) Four 
seasons. C) Two migration seasons. D) Two migration seasons with a marine 
state. E) Two migration seasons over two years with an example emigration. 
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Figure 2-3. Box-and-whisker plots of the distribution of mean movement rate estimates 

representative for Gulf sturgeon from 1,000 iterations of generated data. 
Precision of estimates is compared between low, medium, and high sample 
size of tagged Gulf sturgeon. A) Fidelity rate. B) Emigration probability. 
Shaded areas indicate the distribution’s interquartile range, whiskers extend 
to the most extreme data point no longer than range multiplied by the 
interquartile range, and individual points represent outliers. Green and blue 
lines indicate the true values of Gulf sturgeon fidelity and emigration rates, 
respectively, used in data generation. 
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CHAPTER 3 
SPATIAL DYNAMICS OF GULF STURGEON SURVIVAL AND DETECTION 

PROBABILITY FROM REMOTE ACOUSTIC TELEMETRY 

 
 Estimating demographic parameters, such as survival rate and population 

growth, are beneficial to understand a species’ population dynamics and to compare for 

over time or between habitats (Nichols and Pollock 1983). Capture-recapture methods 

produce unbiased estimates of demographic parameters by following a representative 

sample of marked individuals over time, removing bias prevalent in population 

abundance estimates from assumptions about marked animals (Lebreton et al. 1992; 

White and Burnham 1999; Pine et al. 2003). However, precision around demographic 

parameter estimates decreases with low capture probability and emigration from the 

study site (Zehfuss et al. 1999).When uncertainty around demographic parameter 

estimates is great, it is nearly impossible to distinguish significant population change 

from expected variation in parameter estimates within large confidence intervals. 

 Survival rate in particular is a critical aspect of population assessment. 

Population decline and eventual extinction occurs when the mortality rate exceeds the 

birth rate. The classic open-population Cormack-Jolly-Seber (CJS) mark-recapture 

modeling framework estimates unbiased survival rates, while assuming all individuals 

within the population have homogenous and relatively high capture probabilities 

throughout the year and any emigration is permanent (Lebreton et al. 1992; Schaub et 

al. 2004). However, animal behaviors such as fidelity to breeding habitat and migration 

can lead to non-random movements of marked individuals, leading to temporary 

emigration and heterogeneous capture probabilities throughout the year (Kendall et al. 

1997). The magnitude of capture probability also depends on the system, species, and 
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sampling method. In closed populations and terrestrial systems, capture probability is 

often relatively high (Lebreton et al. 1992). It may be possible to recapture or relocate 

close to 100% of marked individuals, leading to high precision in survival rate estimates 

(Hightower et al. 2001). However in open populations, common in aquatic studies, 

individual capture probability is likely very low (< 0.50) and heterogeneous by individual 

due to potential emigration (Pine et al. 2003). 

 In aquatic systems where individual capture probability is usually low, acoustic 

telemetry is increasingly used to track animal movements (Heupel et al. 2006). Passive 

acoustic receivers can be used to detect marked fish in a capture-resighting study to 

estimate survival. This method maximizes effort without the man-power, contributing to 

cost efficiency (Grothues 2009). Curtain array designs entail receivers deployed in a 

line, or series of lines, so detection ranges overlap to ensure resightings are noted on at 

least one of the receivers. Curtain arrays can be deployed at possible habitats over a 

large spatial scale to identify entry and exit from a specified habitat, rather than fine-

scale habitat use (Heupel et al. 2006). The use of acoustic telemetry to indicate a 

“resighting” as a proxy in mark-recapture studies drastically increases capture 

probabilities by removing the need for physical recaptures and applying standardized 

effort across possible utilized areas over a large spatial scale.  

 The increased capture probability and spatial coverage associated with acoustic 

telemetry also increases the ability to estimate survival rates across a heterogeneous 

landscape. Species with annual migrations encounter areas with varying degrees of 

threat over relatively short time scales, including differential predation rates, 

environmental effects, or anthropogenic impacts. The nature of open populations and 
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migratory species makes it difficult to study all individuals throughout their geographic 

range, leading to high uncertainty in the threats to which they are subject throughout the 

year. Multi-state models bridge together several sub-populations into a larger super-

population. This method transforms several open populations into a closed population 

with possibilities for movement between sub-populations. 

 I utilized the NMFS standardized acoustic telemetry tagging program applied 

passive acoustic telemetry across a large spatial scale. Acoustic telemetry was used to 

identify presence in a particular river mouth during peak migrations to categorize broad-

scale, regional movements, as opposed to small-scale habitat use. This Gulf-wide 

survey was developed in the hopes that detection probability using passive acoustic 

telemetry would be greater than the capture probability associated with sampling relying 

on physical recaptures. I used these data collected by NMFS to (1) conduct a simulation 

test to verify the multi-state model can estimate spatially and temporally explicit, 

unbiased, and precise parameter values over short and long monitoring periods and (2) 

use current data to estimate survival and detection probabilities for Gulf sturgeon at 

meaningful spatiotemporal scales. 

Methods 

Real Data Structure 

 Using the same methods described in Chapter 2, I filtered acoustic detections 

into individual capture histories on a monthly time scale. I then temporally collapsed the 

capture histories into two seasons per year, the in-migration (March – August) and out-

migration (September – February). A marine state “M” replaced all out-migration river 

mouth detections, assuming 100% of fish move out of the rivers and into the marine 

environment for the remainder of the fall and winter seasons, subject to a shared marine 
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survival rate (Figure 2-2). I explored river-specific and genetic area spatial collapse 

methods to limit the number of transition parameters and facilitate model convergence. 

The river-specific spatial collapse method subset capture histories by natal river, so 

each of the nine subsets contained transmitters from only one river drainage. The 

number of states depended on the number of states to which fish from the focal river 

emigrated during the time period. The genetic area spatial collapse method collapsed 

the nine river drainages into four areas based on genetic analyses (Stabile et al. 1996) 

The genetic area method allowed me to estimate area-specific survival and detection 

probability and included transmitters from all areas in the same analysis. Genetic 

groups included (1) West: Pearl and Pascagoula Rivers, (2) Escambia Bay: Escambia, 

Blackwater, and Yellow Rivers, (3) Choctawhatchee River, and (4) East: Apalachicola, 

Ochlockonee, and Suwannee Rivers. 

Generated Data 

 I repeated the simulation test described in the Methods section of Chapter 2 to 

quantify expected uncertainty and bias surrounding survival and detection probability 

parameters given limited sample size of deployed transmitters and monitoring time. I 

generated monthly capture histories based on assumed rates of Gulf sturgeon survival, 

detection probability, and movement rates (Table 2-3). I collapsed the monthly capture 

histories into two seasons per year (in-migration and out-migration), the same method 

applied to real acoustic telemetry data. All out-migration river mouth detections were 

assigned the marine state. I spatially collapsed data using the river-specific method and 

genetic area method to facilitate model convergence. Data was simulated over two 

years and five years under each spatial collapse method to compare levels of certainty 

with increased monitoring time. 
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 In terms of my objective estimates of area-specific survival, the river-specific 

spatial collapse method had the potential to estimate natal river-survival (shared 

survival rate for all fish from each river) and state-specific survival (separate survival 

rates for the focal river, marine environment, and rivers to which fish emigrated). This 

method provides very high spatial resolution of survival rates, but may be limited by low 

sample size of deployed transmitters for some regions. State-specific survival for the 

genetic area spatial collapse method assumes one shared marine survival rate for all 

Gulf sturgeon given high mixing in the Gulf of Mexico during winter months (Ross et al. 

2009; Parauka et al. 2011), and estimates separate riverine survival rates for each 

genetic unit. I did not refine threats in the marine environment that may only affect 

certain populations of individuals. For example, shrimp trawling in the western and 

central Gulf may only affect fish traveling from western and central rivers to the shared, 

central sites for marine residence (NOAA et al. 2012). Natal river-dependent survival is 

a more abstract concept, as survival is dependent not on a physical location, but an 

individual’s birthplace. Natal area-specific survival under the genetic area collapse 

method estimates separated fish into genetic units and then estimates one annual 

survival rate for each genetic group. Marine and river survival rates are not estimated 

separately. Natal river-dependent survival assumes high area fidelity, where fish are not 

moving between genetic areas and in turn subject to region-specific threats.  

 I tested an alternate data structure applied to the genetic area spatial collapse 

method to account for genetic area-specific marine survival as well as genetic area river 

survival. The high resolution genetic area spatial collapse method assigned different 

marine states for each genetic area. In this scenario, if “X” is the state assigned a fish 
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detected exiting the Suwannee River, “S” a fish detected entering the Suwannee River, 

and “A” a fish detected entering the Apalachicola River, the capture history “XS” 

represents fidelity while “XA” represents emigration. I applied all three spatial collapse 

methods (river-specific, genetic areas, and high resolution genetic area) to generated 

data to assess whether we could expect unbiased results from the multi-state model.  

Model Structures 

 In order to estimate area-specific survival and detection probabilities, I used the 

multi-state model in Program MARK (described in Chapter 2). In addition to estimating 

area-specific parameters, I included parameter structures with a temporal component to 

identify significant population change from short term anthropogenic or natural impacts. 

Model structures in this analysis considered survival rates as state-dependent, year-

dependent, natal river-dependent, dependent on both state and year, and constant over 

state, year, and natal river. I considered detection probability as migration season-

dependent, state-dependent, dependent on both state and migration season, and 

constant over state and season. I assessed all combinations of survival and detection 

probability parameter structures assuming Markovian emigration only, where transitions 

were state and natal river-dependent (Brownie et al. 1993). This assumption was based 

on the hypothesis that Gulf sturgeon summer river residence is dependent on their natal 

river (Wooley and Crateau 1985), supported by fidelity estimates in Chapter 2 of this 

study. 

Fitting model structures to generated data 

 I first ran the model structures described above with generated data to ensure 

the multi-state model could estimate unbiased parameters given limited transmitters 

deployed and monitoring time, under the river-specific, genetic area, and high resolution 
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genetic area spatial collapse methods. For each spatial collapse method, I conducted 

1,000 iterations of data generation and respective model runs. Using this distribution of 

mean estimates and confidence intervals, I calculated the number of model runs that 

resulted in estimation failure (confidence limits range from 0 to 1, both lower and upper 

confidence limits at 0 or 1, or non-number confidence limits) and inaccuracy (true value 

used for data generation not in the confidence intervals estimated from generated data). 

I also assessed precision of parameter estimates around the true values used to 

generate data.  

Fitting model structures to real data 

 Once I could confirm the multi-state model was unbiased, I ran all model 

structures described above with real data. choosing the model that could estimate 

survival rates and detection probability at meaningful spatiotemporal scales without 

failure. In addition to model comparison by AICc, models were chosen based on the 

various spatial implications of the survival rate parameter structure and its ability to 

meet management needs (Lebreton et al. 1992). 

Results 

Simulation Test 

 The simulation test showed that the multi-state model estimates unbiased state-

specific survival rates and detection probability for Gulf sturgeon (Figure 3-1). With a 

high sample size of transmitters deployed, the median mean state-specific survival 

estimates from 1,000 iterations of data generation and model runs is equal to the true 

value used to generate data (Figure 3-1). Precision and accuracy of mean estimates 

increases with higher sample size of transmitters deployed and longer monitoring time 

(Figure 3-1). In accordance with this result, precision of marine survival rate estimates is 
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expected to be higher than river survival because transmitter sample sizes were pooled 

in the marine environment (Figure 3-1). Riverine survival rates are estimated from 

individuals present in each river during the summer months, and the total number of 

transmitters is divided between the occupied rivers. The simulation shows that survival 

rates specific to the rivers in which fish emigrate is unlikely to be estimated with 

adequate precision unless a high number of transmitters are deployed in the focal river 

and monitored over a longer time period (Figure 3-1). The multi-state model estimates 

detection probability accurately and precisely compared to other parameters (Figure 3-

1). The high resolution genetic area spatial collapse method was not able to converge 

with only two years of receiver detections. With five years of receiver detections, 

however, I would be able to estimate survival across genetic units at both riverine and 

marine scale (Figure 3-2). The quantified precision of model estimates will help 

scientists and managers understand whether Gulf sturgeon demographic population 

parameter estimates from real data represent true values or are inaccurate due to low 

sample size or short monitoring time.  In the same vein, I used the simulation to confirm 

that more data is necessary to accurately estimate highly parameterized models, such 

as the high resolution genetic area spatial collapse method.  

 Although state-specific survival rates can provide insight into divergent survival 

patterns across the Gulf over the entire monitoring period, temporal survival rate 

estimates would better indicate the timing of population impacts. Temporal survival is 

most precise during the middle years of monitoring (i.e. years 2, 3, and 4 of a five year 

monitoring program; Figure 3-3). Year-specific survival is more precise than year- and 

state-specific survival due to the pooled sample size of deployed transmitters across all 
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rivers. Year- and state-specific survival would provide higher resolution into identifying 

the area and timing of population impacts, but it is likely implausible to estimate these 

parameters with reasonable accuracy and precision until five years of data are available 

(Figure 3-3). 

 When the number of transmitters was low and monitoring time short, a higher 

proportion of model runs resulted in estimation failure and inaccuracy (Table 3-1; Table 

3-2). Under the river-specific spatial collapse method, less information was available to 

estimate state-specific survival for rivers in which fish emigrated. As a result, the 

probability of estimation failure or inaccuracy in survival rate estimates for emigrant 

rivers was much higher (Table 3-1). The probability of estimation failure or inaccuracy 

was overall lower under the genetic area spatial collapse method than the river-specific 

collapse method (Figure 3-1), likely a function of the pooled sample sizes by including 

multiple rivers in each genetic area. The probability of estimation failure for temporal 

survival models was relatively high compared to other parameters with data over a two 

year period, but could be reasonable to compare against other models after a five year 

period (Table 3-3). Year-specific survival estimates in the marine environment are 

plausible over two and five years of data due to the pooled transmitter sample size from 

all riverine populations.  

Parameters Estimated from Real Data 

 Under the river-specific spatial collapse method, I chose the model with constant 

survival and detection probability. Constant survival for the river-specific spatial collapse 

method is the same as natal river-dependent survival, since each analysis considers 

individuals tagged in a single river. This model had the most AICc support for five of the 

nine rivers (Table 3-4). As was indicated by high rates of estimation failure in the 



 

59 

simulation test, there was likely not enough information contributed from rivers to which 

fish emigrated to get a good model fit when estimating state-specific survival under the 

river-specific spatial collapse method.  

 Natal river-specific survival rate estimates from the river-specific spatial collapse 

method represented an average survival across the river and marine environments for 

fish tagged in each respective river. The estimated survival rate for fish from the 

Pascagoula River was much lower than that for fish from other rivers (Table 3-5). 

Uncertainty surrounding this estimate is relatively high. However, the upper 95% 

confidence limit is still lower than the other rivers’ lower 95% confidence limits. Although 

the survival rate estimate in the Pearl River is on par with other rivers (Table 3-5), 

uncertainty around this maximum likelihood estimate is much greater due to lower 

sample size of tagged individuals in that riverine population. 

 For the genetic area spatial collapse method, I chose to compare survival rates 

between the models estimating state-specific and natal area-specific survival, both with 

state-dependent detection probability. The model with natal area-dependent survival 

received the most AICc support, while that with state-dependent survival would be 

considered a significantly different model (delta AICc > 3; Table 3-6). The comparison of 

survival rates between these two models allowed me to identify differences in survival 

rates at the riverine and marine scale between areas in the Gulf before I have enough 

data to estimate survival on smaller spatial scales with five years of data, either with the 

river-specific or high resolution genetic area spatial collapse method. If the natural 

mortality rate for Gulf sturgeon as a species is a single unit, variable survival rates 

across the Gulf would indicate varying degrees of anthropogenic impact. 
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 Under the genetic area spatial collapse method, the survival rate of Gulf sturgeon 

tagged in the Pearl and Pascagoula Rivers was much lower than all other rivers (Table 

3-7). The upper 95% confidence limit on the survival rate for these fish was similar to 

the range of the lower 95% confidence limits for Gulf sturgeon from other rivers. 

Because the survival rate estimates consider survival in both the river and marine 

environments as one annual rate, I can attribute mortality to the marine and riverine 

habitats independently. Overall, state-specific survival rates indicated very low survival 

in the rivers of the western Gulf riverine environment compared to all others (Table 3-8). 

Survival rate estimates for the marine state and riverine environments besides the Pearl 

and Pascagoula Rivers were 0.85 or greater, with tighter confidence intervals around 

the marine survival rate estimate due to pooled transmitters in that state. Survival rate 

estimation in the Choctawhatchee River resulted in failure in the state-dependent 

survival model, likely due to issues estimating survival at the upper boundary (1.0) in the 

river state (Table 3-8).  

 Under both spatial collapse methods and across all states, detection probability 

was estimated to be much higher than the conservative assumed rate utilized in data 

generation (Table 3-9; Table 3-10). Therefore, I can expect greater inference in survival 

rate estimates than was expected from the simulation. Under the river-specific spatial 

collapse method, the estimation of detection probability at the Pascagoula River 

resulted in failure, likely because the model had issues estimating the parameter at its 

upper boundary (1.0). Detection probability was lowest on the Ochlockonee River, 

potentially because this area is believed to be a holding ground for Suwannee River 

Gulf sturgeon, not supporting a spawning population, so individuals may not be 
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expected to return year after year (Table 3-9). Using the genetic area spatial collapse 

method, the only notable difference in state-dependent detection probability between 

models assuming state and natal river-specific survival was in the western Gulf. 

Detection probability in the western Gulf was overall greater, with higher certainty, when 

estimated using the natal river dependent survival model (Table 3-10).   

Discussion 

 Understanding landscape-scale population dynamics coinciding with 

disturbances is necessary for conserving protected species (Dobson et al. 2001; Lowe 

2002) and allows better management of species across their range. A key management 

recommendation from the most recent Gulf sturgeon stock assessment was to develop 

temporal and spatial consistency in Gulf sturgeon monitoring programs (Pine and 

Martell 2009). A benefit of tagging study standardization would be the ability to compare 

survival rates across spatial scales. Unfortunately, my ability to make good inferences in 

area-specific survival rates was limited by low sample size of deployed transmitters in 

the western Gulf. Using simulation based on knowledge of Gulf sturgeon ecology and 

population dynamics, I quantified uncertainty expected given sample size in each area 

and monitoring time. With five years of data, I can expect to make better inferences in 

survival rates for the eastern and central Gulf, but uncertainty in western Gulf estimates 

may still persist due to low sample size. Future studies and increased tagging effort are 

necessary in the western Gulf to make inferences in the regional survival rate.  

 A unique feature of this study is the direct estimation of Gulf sturgeon natural 

mortality. Natural mortality cannot easily be estimated by fitting a model, is difficult to 

estimate externally, and can significantly bias other parameters if an uninformative prior 

is used (Clark 1999). Most NOAA stock assessments do not have enough data to 



 

62 

estimate natural mortality directly or cannot separate natural mortality from fishing 

mortality, instead relying on derivations from life history parameters (Brodziak et al. 

2011). It is more conservative to assume the multi-state model estimates total survival, 

translated into total mortality, to account for un-quantified anthropogenic mortality. 

However, with area-specific estimates of mortality, we can compare “total” mortality 

estimates from the eastern Gulf, where we expect very low frequency of incidental 

bycatch and major anthropogenic impacts, with estimates from the central or western 

Gulf, where anthropogenic impacts have the potential to occur at greater frequency. 

Overall, however, we expect mortality rates estimated from this telemetry program to 

serve as informative priors of natural mortality for the Gulf sturgeon stock assessment.     

  The standardized acoustic telemetry tagging program demonstrated cascading 

influences of higher detection probability over previous PIT tag programs that relied on 

physical recaptures. Spatially and technologically, acoustic telemetry is a useful tool to 

estimate important demographic parameters efficiently. My findings reflect those of 

McMichael et al. (2010) who used one tenth as many tagged juvenile salmon to 

estimate precise survival estimates from acoustics compared to PIT tagging methods. 

Standardized placement of receivers at major river mouths and several smaller 

branches helped to resolve uncertainties in sturgeon movements over a wider “sampling 

universe” (Melnychuk 2009), where fishing effort may previously have been low (Fox et 

al. 2002). Recapture information did not require fishing effort to coincide with migration 

timing, which can vary by location, annual environmental stochasticity, sex, and maturity 

(Fox et al. 2000). The higher degree of resightings reduced confounding between 

survival and emigration from natal rivers (Schaub et al. 2004). Individual Gulf sturgeon 
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have many possible fates at any given time in any specific river: remaining in the 

riverine or marine environment off-season, moving through a river branch without 

acoustic receivers, swimming rapidly past the acoustic receivers without detection, 

acoustic cancellation from boat traffic or foul weather, or mortality either in the river or 

marine environment. Low detection probability provides a paucity of information to make 

inferences on individuals’ whereabouts. As detection probability increases closer to 1.0, 

however, fewer assumptions are required and better inferences on Gulf sturgeon 

survival and movement rates can be calculated (Lebreton et al. 1992). 

 The higher detection probability associated with acoustic telemetry compared to 

physical recapture corroborates the relatively short monitoring period (i.e. two years) in 

this study. Other studies have utilized the higher detection probability associated with 

acoustic telemetry to estimate demographic parameters over a relatively short 

monitoring time. Welch et al. (2009) estimated survival rates of acoustically tagged 

Cultus Lake sockeye salmon (Onchorhynchus nerka) smolts with high precision due to 

very high detection probability in a large-scale array, despite modest sample size of 

tagged individuals (100 – 376 smolts per year for four years). My study of Gulf sturgeon 

tagged a similar total number of fish per year with plans to track these individuals over a 

similar time period, but further binned the fish into each “state” by collapsing data into 

smaller spatial groupings. Through simulation, Zehfuss (2000) found the number of 

years required to detect a trend with adequate statistical power depended on the 

capture probability, initial population size, and rate of  change in population size. 

According to her simulation, a sampling program of five years would only be justified by 

a capture probability of at least 0.75, a population size of at least 200 individuals, and a 
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relatively high rate of annual population decrease (>5%). All rivers have recent 

population abundance estimates greater than 200 (Morrow et al. 1998; Rogillio et al. 

2001; Berg et al. 2007; USFWS 2007; Pine and Martell 2009; USFWS 2009), and a 

detection probability of 0.75 falls within the 95% confidence intervals estimated for most 

river mouths and genetic areas in this study. Future studies should re-run the Zehfuss 

(2000) simulation to test for ability to estimate unbiased mortality rates for a long-lived 

fish.  

 Survival and detection rate estimates could be further improved with more 

information regarding habitat use during out-migration movement. It is possible that 

acoustic receivers do not span the entire “sampling universe” (Melnychuk 2009). In the 

past, Gulf sturgeon research could only concentrate sampling effort in the areas where 

they knew Gulf sturgeon would be located, with the occasional trial of an alternate 

distributary. Acoustic receivers in drainages or distributaries occasionally detect Gulf 

sturgeon individuals. These stray detections rely on cooperation with other agencies 

and researchers of other species, and limited funds prevent Gulf sturgeon researchers 

from deploying acoustic receivers at all possible locations. However, I can gain insights 

into Gulf sturgeon use of smaller distributaries from the results of varying detection 

probability parameter structures (Nichols and Pollock 1983). In this study, models with 

migration season-dependent detection probability were the best fit for the Ochlockonee, 

Blackwater, and Escambia Rivers under the river-specific spatial collapse method 

(Table 3-3). A possible reason for this model support was Gulf sturgeon out-migration 

through smaller branches with no acoustic receivers. The Blackwater and Escambia 

Rivers each only had one acoustic receiver, making it possible for Gulf sturgeon to 
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move undetected through smaller branches our out of range of the single receiver 

(Heupel et al. 2006). Although the Ochlockonee River had three acoustic receivers, its 

mouth is especially branching. There are a few possible approaches to assess the 

biases associated with split-route out-migration. In my simulation, I did not specifically 

account for potential movement through smaller distributary branches without acoustic 

receivers. Instead, this behavior would effectively decrease the detection probability. 

Alternatively, Melnychuk (2009) estimated bias across parameters from split-route 

migration patterns in tagged salmon stocks using CJS analysis. This could be replicated 

within the multi-state model data generation for Gulf sturgeon, and tested using receiver 

data. For example, the Apalachicola and Yellow Rivers each had four acoustic receivers 

in their associated river drainages, one at the main mouth and three at smaller 

distributaries. Considering the four acoustic receivers within each river drainage as four 

different states, I could estimate state- and migration season-dependent detection 

probability to verify spatial and temporal differences in distributary use.  

 Low CPUE in the western Gulf was reflected in the low sample size for this study, 

and corresponds with low estimates of abundance from previous studies (Morrow et al. 

1998; Rogillio et al. 2001; Ross et al. 2001). As I demonstrated through simulation, low 

sample size of tagged individuals resulted in lower precision of mean survival rate 

estimates with simulated data and possibility of bias in survival estimates. According to 

Zehfuss (2000), even if the rate of population change in the western Gulf is rapid, the 

low population size may not be high enough for a five year monitoring program to 

estimate parameters with adequate statistical power.  
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 On August 13, 2011, toxic byproduct from a paper mill was spilled in the Pearl 

River watershed, leading to an extensive fish kill in the lower Pearl River. A total of 28 

dead Gulf sturgeon were recovered by the Louisiana Department of Wildlife and 

Fisheries during cleanup efforts, but none had acoustic tags (LDWF 2011). In a very 

small population (Rogillio et al. 2001), the fish kill would represent a very large mortality 

event. The fact that no recovered dead fish, as far as the LDWF knows, were killed 

supports the possibility that my annual survival estimate of 0.90 for fish tagged in the 

Pearl River is actually a natural survival estimate, as opposed to total survival. Although 

sample size of acoustically tagged Pearl River fish was low and uncertainty in the 

survival rate estimate was high, I likely have a direct estimate of natural mortality for the 

Pearl River sturgeon population. 

 Issues related to low sample size of deployed transmitters in the western Gulf 

were also reflected in the varying estimates of detection probability in that region 

between state-specific and natal river-dependent survival models. In dealing with 

uncertainty, a low detection probability may lead to inaccurate survival rates and less 

precision, while a higher capture probability would result in more accurate survival rate 

estimates with more precision (Nichols and Pollock 1983). The difference in detection 

probability and survival rate estimates between models in the western Gulf is an 

example of the parameter tradeoff and uncertainty associated with a small tagged 

population. Higher detection probability in the natal river-dependent survival model 

potentially resulted in a higher survival rate estimate and lower uncertainty, but was 

confounded with low sample size and the different spatial scales represented in each 
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survival rate parameter structure. More data is needed to relieve biases in all parameter 

estimates.  

 My ability to identify population impacts and estimate parameters at meaningful 

spatial scales is hindered if my assumptions of zero tag loss and tag mortality are 

violated. Field biologists tracked two acoustic tags in the Choctawhatchee River during 

November and December 2012 after fish should have migrated out into the bay. One of 

these tags was also tracked in nearly the same area during winter 2011 (D. Fox and N. 

Willett, Delaware State University, personal communication). Matching these 

observations with the telemetry data, neither of these transmitters was detected at the 

river mouth after they were surgically implanted. However, it is not possible to discern 

whether these occurrences represent tag loss or mortality with this information only. If 

mortality occurred after tagging, this would likely be reflected in the survival rate 

estimation due to the chain of non-detections in the capture history.  

 The results of this study, combined with those of Chapter 2, have significant 

management implications for Gulf sturgeon under ESA legislation. First and foremost, 

these initial data indicate the survival rate of Gulf sturgeon in the Pearl and Pascagoula 

Rivers is lower than all other habitats (rivers and marine). This is reflected in the highly 

variable and relatively lower numbers in abundance reported (USFWS and NMFS 

2009). In fact, events from the black liquor event that occurred on the Pearl River were 

undetectable by this model given the small number of tagged individuals. The purpose 

of the tagging program was to gain better inferences in Gulf sturgeon survival and 

movement rates. The program was successful on these counts, in central and eastern 

Gulf of Mexico populations. Although a limitation of the tagging program was the low 
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sample size of tagged individuals in the western Gulf populations, this serves as a 

warning sign that these populations may be in more danger. Managers should act 

quickly and look at river-specific threats in response to low CPUE and abundance 

estimates in the Pearl and Pascagoula Rivers. The data indicate trouble, but pre-

exploitation and current carrying capacity estimates would provide additional insight into 

the population sizes expected in western Gulf riverine habitats. Updating recovery 

criteria and utilizing the wide knowledge base on eastern populations will begin the 

process towards species recovery and reallocation of funds towards areas in need. 
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Table 3-1. Proportion of estimation failure and confidence intervals not including true 
parameter values for state-specific survival parameters and constant 
detection probability using the river-specific spatial collapse method. 

  Estimation Failure   True Value Not In CI 

# Transmitters Deployed Low Medium High   Low Medium High 

2 YEARS 
       Focal River Survival 0.14 0.12 0.12 

 
0.52 0.47 0.43 

Marine Survival 0.09 0.08 0.08 
 

0.40 0.37 0.23 

Emigrated River Survival 0.64 0.56 0.38 
 

0.93 0.86 0.69 

Detection Probability 0.01 0.00 0.00 
 

0.06 0.08 0.09 

        5 YEARS 
       Focal River Survival 0.10 0.10 0.06 

 
0.33 0.28 0.16 

Marine Survival 0.09 0.08 0.04 
 

0.16 0.12 0.03 

Emigrated River Survival 0.30 0.22 0.18 
 

0.68 0.58 0.38 

Detection Probability 0.00 0.00 0.00   0.05 0.04 0.05 

Note: Out of 1,000 iterations of generated data and model runs for a range of sample 
sizes of deployed transmitters monitored over two and five years. Low, medium, and 
high refer to the relative number of tagged individuals in each river. “Focal River” is the 
river in which the sample of fish are tagged (natal river), while “Emigrated River” is a 
river into which the tagged fish move that is not their natal river.  
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Table 3-2. Proportion of estimation failure and confidence intervals not including true 
parameter values for state-specific survival parameters and constant 
detection probability using the genetic area spatial collapse method. 

  Estimation Failure True Value Not In CI 

# Transmitters 
Deployed 

Low Medium High Highest Low Medium High Highest 

2 YEARS 
        Genetic Area 

Riverine Survival 
0.18 0.14 0.14 0.14 0.37 0.34 0.34 0.30 

Marine Survival 0.01 0.11 

Detection 
Probability 

0.00 0.05 

 
        

5 YEARS 
        

Genetic Area 
Riverine Survival 

0.04 0.03 0.03 0.01 0.17 0.14 0.12 0.12 

Marine Survival 0.00 0.06 

Detection 
Probability 

0.00 0.06 

Note: Out of 1,000 iterations of generated data and model runs for a range of sample 
sizes of deployed transmitters monitored over two and five years. Low, medium, high, 
and highest refer to the relative number of tagged individuals in each river.  
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Table 3-3. Proportion of estimation failure and confidence intervals not including true 
parameter values for year-specific and year- and state-specific survival rates. 

  2 years 5 years 

  
Estimation 
Failure 

True Value 
Not in CI 

Estimation 
Failure 

True Value 
Not in CI 

Yr 1 0.03 0.02 0.00 0.13 

Yr 2 0.00 0.11 0.00 0.18 

Yr 3 0.02 0.38 0.00 0.21 

Yr4 - - 0.00 0.10 

Yr5 - - 0.00 0.06 

Low-Yr1 0.97 0.53 0.26 0.16 

Low - Yr2 0.38 0.37 0.12 0.16 

Low - Yr3 0.96 0.59 0.17 0.16 

Low - Yr4 - - 0.18 0.17 

Low - Yr5 - - 0.14 0.13 
Medium - Yr1 0.97 0.46 0.11 0.14 

Medium - Yr2 0.33 0.34 0.06 0.18 

Medium - Yr3 0.96 0.57 0.08 0.17 

Medium-Yr4 - - 0.06 0.29 

Medium - Yr5 - - 0.03 0.19 

High - Yr1 0.98 0.45 0.12 0.10 

High - Yr2 0.31 0.31 0.06 0.12 

High - Yr3 0.97 0.54 0.07 0.14 

High - Yr4 - - 0.07 0.16 

High - Yr5 - - 0.05 0.16 

Highest - Yr1 0.99 0.41 0.10 0.11 

Highest -Yr2 0.27 0.23 0.06 0.14 
Highest - Yr3 0.95 0.53 0.05 0.11 

Highest - Yr4 - - 0.07 0.12 

Highest - Yr5 - - 0.05 0.13 

Pooled Marine - Yr1 0.10 0.08 0.04 0.12 

Pooled Marine - Yr2 0.07 0.12 0.06 0.13 

Pooled Marine - Yr3 0.02 0.23 0.05 0.11 

Pooled Marine - Yr4 - - 0.03 0.19 

Pooled Marine - Yr5 - - 0.17 0.28 

Note: Out of 1,000 iterations of generated data and model runs, using the genetic area 
spatial collapse method for a range of sample sizes of deployed transmitters monitored 
over two and five years. Low, medium, high, and highest refer to the relative number of 
tagged individuals in the group of rivers within a genetically distinct unit.  
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Table 3-4. AICc table comparing models of Gulf sturgeon population dynamics for real 
data under the river-specific spatial collapse method. 

Note: “s” represents a parameter being state-dependent, “m” migration season 
dependent, “y” year dependent, and “.” represents constancy across states, years, and 
groups. 
  

Model Lowest delta AICc   

S(.)p(.)Psi(s) 
Suwannee, 
Apalachicola, Yellow, 
Pascagoula, Pearl 

  

  
  

S(.)p(m)Psi(s) 
Ochlockonee, 
Blackwater 

  

  
  

S(y)p(.)Psi(s) Choctawhatchee   

  
  

S(y)p(m)Psi(s) Escambia   
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Table 3-5. Gulf sturgeon instantaneous total survival estimates using the river-specific 
spatial collapse method for river-specific rates, with upper (UCL) and lower 
(LCL) 95% confidence limits. 

 River Estimate LCL UCL        

Pearl 0.90 0.61 0.98        

Pascagoula 0.51 0.34 0.66        

Escambia 0.95 0.82 0.98        

Blackwater 0.87 0.73 0.95        

Yellow 1.00 0.00 1.00        

Choctawhatchee 0.98 0.88 0.99        

Apalachicola 0.89 0.69 0.97        

Ochlockonee 0.72 0.53 0.86        

Suwannee 0.97 0.84 0.99        

 

 
  



 

74 

Table 3-6. AICc table comparing models of Gulf sturgeon population dynamics for real 
data under the genetic area spatial collapse method. 

Note: “s” represents a parameter being state-dependent, “g” natal river group-
dependent, “m” migration season dependent, “y” year dependent, and “.” represents 
constancy across states, years, and groups. An asterisk * denotes an interaction, such 
as “s*g” state and natal river group-dependent. 
  

Model 
delta 
AIC 

      

S(g)p(s)Psi(s*g) 0.0       

S(g)p(m)Psi(s*g) 1.2       

S(s)p(s)Psi(s*g) 8.4       

S(g)p(.)Psi(s*g) 9.4       

S(s)p(m)Psi(s*g) 10.8       

S(g)p(s*m)Psi(s*g) 10.9       

S(.)p(s)Psi(s*g) 11.8       

S(y)p(s)Psi(s*g) 13.2       

S(.)p(m)Psi(s*g) 13.3       

S(y)p(m)Psi(s*g) 14.2       

S(s*y)p(s)Psi(s*g) 14.7       

S(s)p(.)Psi(s*g) 16.7       

S(s*y)p(m)Psi(s*g) 16.8       

S(y)p(.)Psi(s*g) 18.5       

S(s)p(s*m)Psi(s*g) 19.4       

S(s*y)p(.)Psi(s*g) 19.7       

S(.)p(.)Psi(s*g) 21.7       

S(.)p(s*m)Psi(s*g) 22.6       

S(y)p(s*m)Psi(s*g) 24.1       

S(s*y)p(s*m)Psi(s*g) 25.9       
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Table 3-7. Gulf sturgeon instantaneous total survival estimates using the genetic area-
specific spatial collapse method for natal area-specific rates, with upper 
(UCL) and lower (LCL) 95% confidence limits. 

 Genetic Area Estimate LCL UCL         

West 0.70 0.55 0.82        

Escambia Bay 0.92 0.85 0.96        

Choctawhatchee 0.98 0.86 0.99        

East 0.92 0.81 0.97        
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Table 3-8. Gulf sturgeon instantaneous total survival estimates using the genetic area-
specific spatial collapse method for state-specific rates, with upper (UCL) and 
lower (LCL) 95% confidence limits. 

 
 
 
 
 
 
 
 

Genetic Area 
State Estimate LCL UCL  

        

West 0.61 0.34 0.82         

Escambia Bay 0.96 0.64 0.99         

Choctawhatchee 1.00 0.99 1.00         

East 0.85 0.68 0.94         

Marine 0.93 0.86 0.97         
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Table 3-9. River-specific detection probability estimates with upper (UCL) and lower 
(LCL) 95% confidence limits.  

River Estimate LCL UCL      

Pearl 0.73 0.46 0.89      

Pascagoula 1.00 1.00 1.00      

Escambia 0.68 0.56 0.79      

Blackwater 0.66 0.51 0.78      

Yellow 0.55 0.46 0.64      

Choctawhatchee 0.68 0.60 0.75      

Apalachicola 0.79 0.58 0.91      

Ochlockonee 0.55 0.22 0.84      

Suwannee 0.94 0.83 0.98      
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Table 3-10. Detection probability estimates using the genetic area spatial collapse 
method from models assuming state-specific and natal river-specific survival, 
with upper (UCL) and lower (LCL) 95% confidence limits. 

  

 

State-specific survival model 
Natal river-dependent        
survival model 

Genetic Area 
State 

Estimate LCL UCL  Estimate LCL UCL  

West 0.65 0.48 0.79 0.88 0.55 0.97 

Escambia Bay 0.71 0.62 0.79 0.72 0.62 0.8 

Choctawhatchee 0.71 0.61 0.79 0.68 0.58 0.76 

East 0.85 0.74 0.92 0.85 0.71 0.93 

Marine 0.62 0.54 0.69 0.62 0.54 0.69 
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Figure 3-1. Box-and-whisker plots of the distribution of mean river-specific survival and 
detection probability estimates representative for Gulf sturgeon from 1,000 
iterations of generated data. A) Survival rate in the river in which the Gulf 
sturgeon was hypothetically tagged. B) Survival rate in a river to which a Gulf 
sturgeon hypothetically emigrates. C) Survival rate in the marine environment. 
D) Detection probability. Precision of estimates are compared between two 
and five years of generated data and a range of sample sizes of tagged Gulf 
sturgeon. Shaded areas indicate the distribution’s interquartile range, 
whiskers extend to the most extreme data point no longer than range 
multiplied by the interquartile range, and individual points represent outliers. 
Colored lines  indicate the true values of Gulf sturgeon survival and detection 
probability used in data generation.  
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Figure 3-2. Box-and-whisker plot of the distribution of mean genetic area-specific 

riverine and marine survival rates using the high resolution spatial collapse 
method applied to 1,000 iterations of generated data. Generated capture 
histories represent five year of data, with a range of sample sizes of tagged 
Gulf sturgeon. Shaded areas indicate the distribution’s interquartile range, 
whiskers extend to the most extreme data point no longer than range 
multiplied by the interquartile range, and individual points represent outliers. 
Blue and red lines indicate the true values of Gulf sturgeon marine and 
riverine survival, respectively, used in data generation.  
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A 

   

Figure 3-3. Distribution of mean total year-specific survival and year- and state-specific 
survival estimates from 1,000 iterations of generated data. A) Generated data 
represents detection histories over two years. B) Generated data represents 
detection histories over five years. Generated data includes a range of 
sample sizes of tagged Gulf sturgeon (i.e. low, medium, and high). There are 
three year-specific survival estimates when data was generated over the first 
two years of data because the spring season (March – May) is considered 
part of the next year. Shaded areas indicate the distribution’s interquartile 
range, whiskers extend to the most extreme data point no longer than range 
multiplied by the interquartile range, and individual points represent outliers. 
Purple, red, and blue lines indicate the true values of Gulf sturgeon total, 
riverine, and marine survival, respectively, used in data generation.  
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B 

 

Figure 3-3. Continued.  
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CHAPTER 4 
STOCK ASSESSMENT OF GULF STURGEON USING AGE-STRUCTURED MARK-

RECAPTURE ANALYSIS 

 Evaluation of stock status is vital for rare or endangered species whose 

abundance is often not precisely known, but the uncertainty warrants protective status 

mandated by state or federal regulations (i.e. Magnuson-Stevens Fisheries 

Conservation and Management Act) (Pollock et al. 2002). For these species, managers 

often infer stock status from trends in catch-per-unit-effort (CPUE) indices or capture-

recapture methodologies. Estimates of trends in abundance and mortality are used to 

determine whether management actions are necessary to reduce likelihood of 

population extinction.  Estimating abundance of Gulf sturgeon populations has been a 

primary motivation for many previous studies on this species (Wooley and Crateau 

1985; Chapman et al. 1997; Sulak and Clugston 1999; Zehfuss et al. 1999; Pine et al. 

2001). Tagging data are not continuous for any system, but the Suwannee and 

Apalachicola Rivers have received the largest amount of sampling effort (Table 4-1). 

Portions of these data sets have been used previously to determine population viability 

(Pine et al. 2001), estimate abundance (Sulak and Clugston 1999), and provide 

guidance on Gulf sturgeon sampling programs (Zehfuss et al. 1999). Published 

estimates for Gulf sturgeon abundance generally range from several hundred 

individuals in the Apalachicola River (closed models) (Zehfuss et al. 1999) to 5,000 – 

7,000 individuals in the Suwannee River (open and closed models) (Chapman et al. 

1997; Sulak and Clugston 1999). However, biases are possible in these methods due to 

violations of model assumptions (Pollock et al. 1990). Both model types assume 

homogeneous capture probabilities, either for all animals in the system at all time 

periods (closed models) or during any given time (open models).  
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 In the case of Gulf sturgeon and many fisheries applications, heterogeneous 

capture probabilities are related to individual age. To deal with this issue for the 

endangered humpback chub (Gila cypha), Coggins et al. (2006a; 2006b) developed an 

age-structured mark-recapture (ASMR) analysis that combines attributes from the 

classic Jolly-Seber open population mark-recapture models and virtual population 

analysis (VPA) methods. A key attribute of this approach is that the ASMR analysis 

estimates the number of individuals expected to be caught based on the number at risk 

(predicted by the age-structured VPA) and capture probability of previously marked fish 

(from the Jolly-Seber model). The ASMR analysis attempts to reduce uncertainty in 

demographic parameters by treating unmarked fish at age and new recruits entering the 

unmarked population as known parameters(Coggins et al. 2006b). This approach differs 

from traditional capture-recapture approaches that primarily use information on 

recaptures of previous marked individuals (Williams et al. 2001).  

 Especially for rare or protected species where lethal but more precise aging 

methods are not appropriate, there may be high variability in the age of a fish of a 

particular length. This is especially an issue for long-lived species such as Gulf 

sturgeon, as an individual could be a wider range of ages at longer lengths. Uncertainty 

in initial age assignment can propagate through to the estimation of year-specific values 

of parameters of interest (e.g. survival, abundance, and recruitment). Coggins (2007) 

incorporated uncertainty from initial age assignment into the humpback chub 

assessment and found that estimated adult abundance is still precise, yet estimates of 

recruitment were relatively imprecise. The rigorous methodology of reiterating the age 

assignment based on length is an important step to understand uncertainty around 
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recruitment time series estimates especially, for the potential identification of significant 

population impact.  

 The overall objective of this chapter is to estimate current and historical 

abundance of Gulf sturgeon for Florida waters off the Gulf of Mexico. I estimate 

population size, age-1 recruitment, and natural mortality by using ASMR analysis 

(Coggins et al. 2006b). We use data sets from the Suwannee and Apalachicola Rivers, 

which date back the longer than other systems (late 1970s to present). The 

Apalachicola and Suwannee Rivers represent systems where population abundance 

was thought to be low (Apalachicola River) and high (Suwannee River). This contrast in 

abundance would allow for comparison of population model performance with data from 

populations of different sizes. By estimating the current, and reconstructing the historical 

population size of this species, I attempt to place the current abundance of this species 

in Florida in a comparative context to assess relative population status from a 

conservation perspective. I provided hypotheses on potential factors driving observed 

patterns in these Gulf sturgeon population vital rates, and close with recommendations 

for changes in field programs to improve future assessment activities by reducing 

uncertainty.  

Methods 

Historic Mark-Recapture Database 

 The 2009 Gulf sturgeon stock assessment called for a standardized, centralized 

database and sampling coordination office for archiving historical data collection efforts. 

In response, The NOAA Southeast Fisheries Science Center in Panama City, Florida 

developed an online database to house mark-recapture information for each individual 

tagged in any river system from 1977 to present. A database user can filter information 
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based on river, year, PIT tag or left or right T-bar tag. Information for each capture 

occasion includes tag number, animal ID, occurrence, total length, weight, gill net type 

(anchored or drift), and other factors. Over time, some Gulf sturgeon accrued several 

tags, either due to double-tagging to protect against tag loss, unidentified PIT tags, or 

standardization of PIT tag frequencies in recent years. Data managers matched T-bar, 

PIT, and acoustic tags to assign each individual an animal ID number to more easily 

track individuals over time. Occurrence specified the number of times each individual 

was caught. Therefore, an occurrence of 1 is an initial capture, and an occurrence 

greater than 1 is a recapture. Gaps in the data exist for some years due to limited funds 

for field sampling efforts. A few other data errors exist, including missing total length 

values. I exported data for the entire available period for the Suwannee and 

Apalachicola Rivers (Figure 2-1). I used these data to assess trends in abundance, 

recruitment, and mortality using ASMR methods. The Suwannee and Apalachicola 

Rivers have been sampled for the longest time period with the largest effort and 

cumulative tagged populations. Sampling in the Apalachicola is slightly more episodic 

than the Suwannee River.  

Initial Age Assignment 

 Limited aging information is available for Gulf sturgeon due to their protected 

status. Within the NOAA database, ages for 487 individuals are available based on 

estimates from pectoral fin rays from the Suwannee, Apalachicola, and Yellow Rivers 

(Huff 1975; Berg 2004). Due to limited data, I assumed growth rates were similar 

between rivers and I fit a von Bertalanffy growth curve to the available age-length 

information by the equation:  
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         (   
  (    ))      (4-1) 

where    is mean predicted length at age,      is asymptotic length for the population,   

is the Brody growth coefficient,   is age, and    is the theoretical age at length 0. A 

likelihood function based on the normal probability distribution minimized the deviation 

between predicted and observed length for each aged individual (x):  

  ( )  
 

√  
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)      (4-2) 

by varying a coefficient of variation (CV),   ,  , and     , where µ was the mean length 

at age    and   was    multiplied by CV. Markov Chain Monte Carlo (MCMC) methods, 

using the Random Walk Metropolis-Hastings in AD Model Builder (Fournier et al. 2012), 

constructed a Markov chain to sample the probability distribution and produce a 

posterior distribution for the von Bertalanffy growth parameters.  

 I used ASMR analysis to calculate river-specific estimates of population size, 

natural mortality, capture probability, and recruitment. The data structure for this method 

requires two matrices: initial captures at age over time and recaptures at age over time. 

The dataset was split into initial captures (occurrence = 1, first observation of the fish in 

the dataset) and recaptures (occurrence > 1). For each individual initially captured, I 

assigned an age based on its length. Ages were assigned based on the proportion of 

population at each age   : 

     
   
∑    

| 

                               

           ̂          

 ̂  (  
    

  (    )
) 

 

 

      (4-3) 

where  ̂  is survival at age based on the Lorenzen age-specific survival equation 

(Lorenzen 2000), M is natural mortality, and     is survivorship at age. I then used the 
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normal probability density function (Equation 4-2) to calculate the cumulative probability 

of an individual being an age a given length L: 

       ∑
 ( )

∑ ( )
         (4-4) 

I then drew a random number from a uniform distribution between 0 and 1 and chose 

the first possible age where the random number was less than or equal to the 

cumulative probability of being that age given length. If the random number is high, the 

age assignment will be on the older side of possible ages given length. With a lower 

random number, the fish could be a wider range of ages but will be assigned an age on 

the younger range. 

 Initial age assignment is important because if uncertainty exists in the age 

assignment, it can propagate through to the estimation of year-specific values of 

parameters of interest (e.g. survival, abundance, and recruitment). For many species, 

particularly long-lived species such as sturgeon, age uncertainty can contribute great 

uncertainty into the age distribution (in turn, stock assessment parameters) due to the 

wide range of ages an individual could be at longer lengths (Figure 4-2). In some cases, 

total length was not available upon initial capture. Individuals without length at capture 

that were not later recaptured were not included in this analysisf. For individuals with no 

length information at initial capture but with length at recapture, I assigned an age 

based on its length at second capture and then back-calculated the age at first capture 

as the number of years between the initial capture and recapture.  

Age-Structured Mark-Recapture Model 

 The ASMR model worked at an annual time step, such that the marks and 

recaptures required were also annual. I matched the year each fish was initially caught 
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with its assigned age to create a matrix denoting initial captures at age over time. I 

created a separate matrix for recaptures at age over time by matching animal ID 

numbers for recaptured individuals with their initial capture information. I then assigned 

each recaptured individual an age based on the number of years that passed between 

initial capture and recapture. Gulf sturgeon captured multiple times in one year were not 

considered separate recaptures.  

 Coggins et al. (2006b) explored three assumptions of ASMR reflecting different 

models of the focal species’ population dynamics. The ASMR 1 and 2 models estimate 

predicted number of marks and recaptures as a function of time-dependent capture 

probability. Alternatively, ASMR 3 estimates predicted marks and recaptures as a 

function of observed number marks and recaptures and the estimated marked and 

unmarked population sizes, not incorporating capture probability. The ASMR 1 and 2 

models differ by the direct estimation of either terminal capture probability (ASMR 1) or 

terminal age-specific abundance of the unmarked population (ASMR 2), which in turn 

affects the back-propagation to estimate the unmarked population size over time 

(Coggins et al. 2006b). I chose to assess Gulf sturgeon riverine populations using 

ASMR 2, assuming capture probability is a factor in the predicted number of marks and 

recaptures per year based on the variable sampling over time. Additionally, I would 

expect higher certainty in my estimate of the total unmarked population size by utilizing 

age-specific survival in the direct estimation of the unmarked population size at age in 

the terminal year, as opposed to an indirect estimation as a function of capture 

probability and vulnerability at age. Analysis of ASMR 2 consists of a series of major 

functions, including (1) estimating the population size of unmarked and marked fish, (2) 
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estimate capture probabilities and predicted number of marks and recaptures, (3) 

calculate the negative log likelihood, (4) estimate recruitment, and (5) run MCMC. 

 The first major ASMR function is the estimation of unmarked and marked fish 

abundances. The estimation of these parameters depends on the estimation of age-

specific survival (Lorenzen 2000) and vulnerability at age based on a cumulative logistic 

function. The natural mortality rate of adults (a parameter in the age-specific survival 

function), the 50th percentile of individuals vulnerable to the gear (logistic curve inflexion 

point), and the standard deviation of the logistic distribution of the vulnerability schedule 

are all parameters estimated in MCMC analysis (Fournier et al. 2012). The ASMR 

model estimated the expected number of unmarked ( ̂   ) and marked ( ̂   ) fish, by 

age (a=2,…,A) and year (t=1,…T): 

   ̂         ̂ ( ̂        )       (4-5) 

   ̂         ̂ ( ̂        )       (4-6) 

where      is the number of age a fish marked in year t. Equations 4-5 and 4-6 assume 

all unmarked fish captured received a tag. Using the VPA backward propagation 

framework, I assumed the unmarked population at the oldest age A would be 0 for all 

years t, given the oldest possible age A is beyond the oldest age the fish can attain. I 

used a terminal age of 50, similarly to Flowers et al. (2009), based on estimates of 

longevity (Hewitt and Hoenig 2005) and several captures of Gulf sturgeon at large for 

more than ten years between recaptures and initial age assignment up to 25 years old. 

The only unknown parameter for estimation is the number of unmarked fish at age in 

the terminal year,  ̂   . 
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 The next major ASMR function is the estimation of time-dependent capture 

probability  ̂ : 

   ̂  
∑          
 
   

∑  ̂   ( ̂     ̂   )
 
   

      (4-7) 

where      is the number of age a fish recaptured in year t and  ̂    is the vulnerability to 

the gear at age over time. Time-dependent capture probability is then used to estimate 

the predicted number of marks ( ̂   ) and predicted recaptures ( ̂   ) at age over time:  

   ̂     ̂    ̂          (4-8) 

   ̂     ̂    ̂    .       (4-9) 

 Next, I assumed a negative binomial distribution for the data, leading to the log-

likelihood function: 

     (     )          ( ̂   )         (   ̂   )   (4-10) 

        ( ̂   )         (   ̂   ) 

where   is the parameter vector to be estimated, including vulnerability at age over time 

( ̂   ), adult natural mortality rate ( ̂     ), and terminal age-specific unmarked 

population size ( ̂   ). The ASMR 2 model maximizes Equation 4-10 by varying theta.  

 The ASMR model estimates time-dependent recruitment of age-1 Gulf sturgeon 

in the VPA back-calculation of the unmarked population and ten years preceding data 

collection using the equation:  

   ̂      
 ̂   

∏  ̂ 
   
   

 .      (4-11) 

which depends on age-specific survival estimates and estimates of the unmarked 

population in the first year of data collection (Coggins et al. 2006b).  
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 To better quantify uncertainty in parameter estimates, I utilized the random walk 

Metropolis-Hastings algorithm in AD Model Builder to integrate the posterior 

distributions for the natural mortality rate of adults, the 50th percentile of individuals 

vulnerable to the gear (logistic curve inflexion point), the standard deviation of the 

logistic distribution of the vulnerability schedule, the abundance of the population of age 

2 and older Gulf sturgeon each year, and the number of age-1 recruits each year 

(Fournier et al. 2012). For the natural mortality rate and parameters in the vulnerability 

curve, I set priors based on previous studies contributing to knowledge on Gulf sturgeon 

life history (e.g. M=0.08). I used the maximum likelihood estimates (MLEs) of the 

abundance of Gulf sturgeon age-1 recruits and age 2 and older as priors for MCMC 

evaluation. To facilitate analysis and plotting, I sampled every 50th trial from the MCMC 

posterior chain of length 10,000, discarding the first half of the chain as burn-in. This 

number of samples was sufficient according to convergence criteria in Gelman et al. 

(2000). To incorporate uncertainty in age assignment at initial capture, I iterated ASMR 

methods and MCMC analysis 2,000 times for each river, each iterate with a separate 

age assignment based on length according to the normal likelihood distribution 

(Equation 4-1). To incorporate uncertainty in initial age assignment, I combined the 

MCMC chains from each iterate of age assignment. I constructed 95% confidence 

intervals from the total MCMC chains concatenated  to better characterize uncertainty in 

these vital parameter estimates (Gelman et al. 2000). 

Results 

Data Export 

 Mark-recapture data for Gulf sturgeon was available from the Suwannee River 

from 1982 to 2012 and the Apalachicola River from 1977 to 2012 (Table 4-1). Detailed 
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information on sampling approaches is available from previous studies in these rivers 

(Fox et al. 2000; Sulak and Clugston 1999; Wooley and Crateau 1985; Zehfuss et al. 

1999). Low marking and recapture effort existed in the database for the Suwannee 

River from 2007 to 2012 (Table 4-1), resulting in lack of model convergence when those 

years were included. Therefore, I excluded Suwannee River data after 2007 for this 

study. Individuals that were recaptured that had not been originally tagged in the river of 

interest were excluded from this analysis (Table 4-2). Sampling on the Suwannee River 

was fairly constant over time, while marking and recapture effort was relatively more 

episodic on the Apalachicola River (Figure 4-1). We determined visually that the model 

converged given the described sampling from the MCMC posterior distribution.  

Parameter Estimation 

Natural mortality 

 Evaluated using MCMC methods, natural mortality rate estimates for both the 

Apalachicola and Suwannee Rivers were lower than previous estimates for Gulf 

sturgeon throughout their range (Zehfuss et al. 1999; Flowers 2008). The median 

natural mortality rate estimates from the MCMC posterior distribution for the 

Apalachicola and Suwannee Rivers were 0.032 and 0.031, respectively (Table 4-3). 

Their constructed 95% confidence intervals were narrow, suggesting good parameter fit 

for both rivers (Table 4-3).  

Abundance of age-2+ and 4+ individuals 

Median estimates and 95% confidence intervals of Gulf sturgeon population 

abundance of fish age 2 and older were constructed from MCMC analysis, incorporating 

all iterations of random age assignment. Estimates of population abundance show a 

relatively stable population trajectory in the Suwannee River and upward population 
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trajectory in the Apalachicola River (Figure 4-3). I estimated the median terminal 

abundance of Gulf sturgeon age 2 and older in the Suwannee River from the posterior 

distribution to be about 12,100 individuals in 2007, with a lower 95% confidence limit of 

10,450 Gulf sturgeon and upper 95% confidence limit of 13,900 Gulf sturgeon (Figure 4-

3). My estimated median terminal abundance of Gulf sturgeon age 2 and older in the 

Apalachicola River in 2012 was about 2,450 individuals, with a lower 95% confidence 

limit of 1,960 Gulf sturgeon and upper 95% confidence limit of 3,170 Gulf sturgeon 

(Figure 4-3).  

Alternatively, in the maximum likelihood estimation of population abundance to 

produce the prior for MCMC analysis, the population trajectories from 2,000 iterations of 

age assignment were bimodal (Figure 4-4). Out of 2,000 iterations of random age 

assignment, 77 maximum likelihood estimates of the Apalachicola River Gulf sturgeon 

population abundance were declining over time. However, when used as a prior in the 

MCMC analysis, the posterior distributions estimated increasing population trajectories. 

This means that the MCMC analysis estimated robust measures of population 

abundance over time, contrasted with the maximum likelihood analysis occasionally 

getting stuck at an alternate area of the probability distribution. Even with this assumed 

uninformative prior (declining population trajectory), MCMC analysis found the solution 

that agrees with the majority of the MLEs (Figure 4-4).  

Age-1 Recruitment 

Median estimates and 95% confidence intervals of Gulf sturgeon age-1 

recruitment were constructed from MCMC analysis, incorporating all iterations of 

random age assignment (Figure 4-5). Recruitment estimates in the Suwannee River 

slowly increases from around 390 age-1 Gulf sturgeon in 1972 to around 1,290 recruits 
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in 1990. Recruitment in the Suwannee River reaches a peak in 1991 at about 3,170 

age-1 Gulf sturgeon, but promptly drops down to previous levels for the remainder of 

the time period. This peak occurs the year prior to the large spike in Suwannee River 

Gulf sturgeon population abundance of age 2 and older (Figure 4-3). Uncertainty, 

expressed as 95% confidence intervals, remains relatively stable throughout the time 

period (Figure 4-5). A year class must be fully recruited to the capture gear for three or 

four years before it is possible to assess the relative strength of the year class (Coggins 

et al. 2006a). This is due to the nature of time-dependent estimates using capture-

recapture methods, selectivity patterns of the gear, and potentially issues with the VPA 

estimating unbiased parameters for recent years when combined with low capture 

probability. Therefore, we only consider recruitment estimates through 2003 in the 

Suwannee River for this assessment, where the median estimate from the posterior 

distribution was approximately 320 Gulf sturgeon age-1 recruits. 

In the Apalachicola River, annual age-1 recruitment of Gulf sturgeon is estimated 

to be low, slowly increasing from a median estimate of 27 age-1 Gulf sturgeon in 1967 

to about 150 recruits in 1996. After 1996, age-1 recruitment of Gulf sturgeon in the 

Apalachicola River becomes more variable, with a peak of 220 age-1 Gulf sturgeon in 

2001 and a relatively steady, steep increase from 2003 to 2008, when the median age-1 

recruitment estimate was 370 Gulf sturgeon. Also due to spurious recruitment estimates 

for the terminal four years of data collection, I only consider recruitment estimates 

through 2008 in the Apalachicola River for this assessment. Uncertainty in the 

recruitment estimates from MCMC, incorporating uncertainty in initial age assignment, 
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remains relatively stable throughout the time period but increases slightly in more recent 

years associated with an increasing trend in estimated recruitment.  

Capture probability 

The median estimates and 95% confidence intervals for capture probability each 

year were constructed from the distribution of mean capture probability MLEs from 

2,000 iterations of random age assignment. Median capture probability of Gulf sturgeon 

in the Suwannee River from the distribution of MLEs incorporating uncertainty in initial 

age assignment varied between 0.00 and 0.16 over the time series, reaching a peak in 

1992 and dropping very low after 1995 (Figure 4-6). Median capture probability from the 

distribution of MLEs with different iterations of age assignment in the Apalachicola River 

remained in the same range as those in the Suwannee River, varying between 0.00 and 

0.14 (Figure 4-6). However, for the iterations of age assignment estimating a downward 

population abundance trajectory after the mid-1990s, capture probability MLEs ranged 

between 0.00 and 0.39, outside of the 95% confidence intervals (Figure 4-7). 

Exploring bifurcation in abundance estimates 

 Years when the capture probability MLEs were estimated with higher uncertainty 

associated with initial age assignment occur in years when the MLEs for population 

abundance in the Apalachicola River become divergent (Figure 4-7). This became a 

clue in understanding why a non-negligible number of iterations of age assignment 

resulted in declining maximum likelihood estimates of abundance from 1997-2012. The 

same iterations of age assignment that resulted in declining population trajectories also 

estimated MLEs of capture probability and natural mortality as higher and more 

uncertain (Figure 4-7). The average natural mortality MLEs for iterations with increasing 

population trajectories was 0.03, while those associated with decreasing population 
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trajectories was 0.05. It is likely that the maximum likelihood framework was estimating 

one of these related parameters in an alternate area of the probability distribution.   

 As an alternative formulation of the likelihood term, I re-fit the ASMR model to the 

Apalachicola River data, but this time assumed a Poisson probability distribution. Using 

a Poisson instead of a negative binomial likelihood did not result in bifurcation in the 

abundance trajectories over time (i.e. abundance estimates over time for each iterate of 

age assignment had approximately the same, positive slope). To better understand the 

differences between the probability distributions that led to divergent results, I compared 

the probability distributions of predicted recaptures of Gulf sturgeon during 2004, when 

the abundance trajectories assuming a negative binomial distribution were bifurcated 

(Figure 4-8). A key difference in these two likelihood formulations is the Poisson 

distribution assumes the mean and variance are equal, while the negative binomial 

incorporates a dispersion parameter (k) to describe the relationship between variance 

and the mean. The Poisson distribution is the limit of the negative binomial distribution; 

as k approaches zero, the two distributions are equal. The median of the MCMC 

posterior distribution for k in the Apalachicola River was 12.2, while that for the 

Suwannee River (where the negative binomial distribution appeared more robust to 

iterations in random age assignment) was estimated as 4.4. This would explain why it 

was less likely to see bifurcation in maximum likelihood estimates in the Suwannee 

River assessment than for the Apalachicola River Gulf sturgeon population.  

Discussion 

 Using long-term mark-recapture datasets for Gulf sturgeon from two rivers in 

Florida, I found that Gulf sturgeon abundance was generally increasing or constant over 

the past 25 years. I characterized how a key assumption of my models, correct 
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assignment of age at initial capture, could influence results. I found that estimates of my 

key parameters, such as abundance and mortality, are likely influenced more by 

changes in sampling programs and associated changes in capture probability, than in 

mis-assignment of age-at-first-capture. These results are of significant interest to 

resource managers charged with assessing Gulf sturgeon stock status in the Gulf of 

Mexico. My results suggest that while Gulf sturgeon stock status appears to be 

improving, at least in the river systems evaluated, variation in capture probability likely 

driven by changes in sampling programs may reduce the inference possible from the 

extensive passive fish sampling programs. 

 The long-term nature of the historic mark-recapture database of Gulf sturgeon 

initial marks and recaptures proved to be beneficial in resolving uncertainty in natural 

mortality estimates. Several Gulf sturgeon were recaptured ten or more years after 

previous capture in the Apalachicola and Suwannee Rivers. These recaptures were 

very informative for the natural mortality rate estimation, and resulted in rates expected 

for a long-lived fish and similar to those for other sturgeon populations (Kahnle et al. 

1998; Irvine et al. 2007). In studies over shorter periods, survival rate estimates would 

have lower certainty due to the unknown fate of sturgeon after several seasons of non-

detection, especially if capture probabilities are low as is commonly observed in passive 

tagging studies (Pine et al. 2003). The telemetry study presented in Chapters 2 and 3, 

for example, estimated total mortality for the Suwannee and Apalachicola Rivers as 

0.030 and 0.117 respectively (Chapter 3). However, even though the capture probability 

estimates using the virtual recaptures of telemetered animals was much higher 

(generally 0.60-0.85) than those observed for passive tags (generally 0.05-0.15), the 
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short-term duration of the telemetry study (only three years of data available of a five 

year study) presents a limitation in estimating survival rates for sturgeon with adequate 

certainty. I found that uncertainty around survival and abundance estimates using 

telemetry was higher than that from the posterior distributions from MCMC in the ASMR 

model, even when I incorporated a relatively high level of uncertainty in age 

assignments. For all parameters estimated, the uncertainty in the parameter estimates 

was highest in the Apalachicola River, likely because of the lower cumulative tagged 

population and the tagging data were collected with short periods of relatively intensive 

sampling followed by relatively long periods of limited sampling effort. Coggins and 

Walters (2009) presented a series of retrospective analyses for humpback chub using 

ASMR where they assess how estimates of survival change as additional years of 

sampling take place. These authors found that for a long-lived species, adult mortality 

rate estimates declined for a given year and age class of tagged Gulf sturgeon as those 

fish were recaptured in future years. 

 My mortality estimates for Gulf sturgeon from passive tagging, about 0.03, are 

lower than previous studies, which ranged from 0.08 to 0.16 in the Suwannee and 

Apalachicola Rivers (Sulak and Clugston 1999; Zehfuss et al. 1999; Pine et al. 2001; 

Flowers 2008). These previous estimates were either based on life history parameters, 

or used portions of the same mark-recapture dataset from this study (i.e. a shorter time 

period than this study). The results of ASMR incorporating uncertainty in initial age 

assignment provide relatively certain mortality estimates for Gulf sturgeon populations in 

the Apalachicola and Suwannee Rivers, and serve as a prime example for long-term 

sampling programs to extend into other Gulf sturgeon riverine populations.  
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 Abundance estimates from the ASMR model are similar to those from previous 

studies, but with higher certainty due to model assumptions. Previous studies estimated 

abundance from Lincoln-Petersen-like methods and Cormack-Jolly-Seber (CJS) mark-

recapture models. Researchers from USGS used the CJS mark-recapture model with 

historic mark-recapture data from 1986 to 2007 for adults and sub-adult Gulf sturgeon, 

assuming constant survival and time-dependent capture probability (M. Randall, USGS, 

unpublished data). These data are likely the same as those we used from NOAA’s 

centralized database in coinciding years, but it is possible the USGS CJS model utilized 

more Suwannee River data than was available in the NOAA centralized database. The 

USGS analyses found patterns in time-dependent capture probability about the same as 

those estimated by ASMR in this study, but were greater in some years (Figure 4-9). In 

2006, when the CJS model estimated a high abundance of 14,500 Gulf sturgeon 

corresponding with a capture probability of 0.03, the ASMR model estimated the same 

capture probability, but an estimated abundance of 12,500 individuals. The estimated 

mortality rate from the CJS model was 0.12, much greater than my estimated natural 

mortality rate of 0.03 for the Suwannee River population. The CJS model estimates 

might be biased due to their model assumptions, mainly that all individuals have the 

same capture probability (i.e. the population might be sampled non-randomly in known 

holding areas). Under this assumption, it might not be reasonable to assume the 

marked population is representative of the unmarked population. Regardless, 

Suwannee River Gulf sturgeon population abundance estimates from this study and the 

CJS model used by USGS are both much higher than abundance estimates in any 

other riverine population. Although detailed model results are not currently available for 
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other rivers, USFWS estimated a much lower population in the Apalachicola River as of 

2004 (USFWS: 350 individuals; this study: 1,625 individuals). Parameter estimates for 

Gulf sturgeon from ASMR analysis are more reliable due to the incorporation of age 

structure and age assignment uncertainty, prior information from previous studies to 

inform objective parameters (e.g. natural mortality), and consideration of both the 

unmarked and marked population in cohort abundance estimates.  

The spikes in capture probability occur in years when a greater number of tags 

were implanted in Gulf sturgeon relative to previous years (Figure 4-1). However, 

capture probability also coincides with the patterns in age-1 recruitment and abundance 

of Gulf sturgeon age 2 and older. The 1992 peak in capture probability coincided with 

the peak in age-1 recruitment in 1991 (Figure 4-5) and peak in Gulf sturgeon age 2 and 

older abundance in 1992 (Figure 4-3). The coincidence of patterns in these parameters 

indicates a potential change in sampling design within the Suwannee River. Assuming a 

constant mortality rate, capture probability and abundance estimates would be expected 

to be high with a large cohort of newly marked Gulf sturgeon assigned young ages. The 

ASMR model, ignorant of sampling design, would assume the spike in captured Gulf 

sturgeon was related to a spike in recruitment, which in the case of Gulf sturgeon is 

likely false.  

 Although the bifurcation of the abundance trajectories in the Apalachicola River 

with different random age assignments is an interesting finding relevant for 

management, I did not see this pattern when using a Poisson probability distribution. 

More simulation is needed to specifically identify when managers should be wary of bias 

in their parameter estimates. The shapes of the Poisson and negative binomial 
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distributions explain the mechanics of observed variation, but not why do some age 

assignments lead to decreasing population trajectories, and some do not. The answer 

to this question could only be confirmed through detailed simulation, which will be an 

interesting future venture. Possibilities to be tested would be a potential bias towards 

assigning Gulf sturgeon to younger ages at the inflexion point of the cumulative normal 

probability distribution. If a large number of Gulf sturgeon are randomly assigned to the 

same, young cohort, it is possible they could still be invulnerable to the capture gear. As 

they cross the inflexion point of the vulnerability schedule, they could all become 

vulnerable at once. This could lead to the high spikes in capture probability for age 

assignment iterations estimating a downward population trajectory. These issues could 

also be exacerbated in a “pulsed” effort sampling schedule. In his application of ASMR 

to humpback chub, Coggins (2008) observed this pulsed effort sampling associated with 

uncertainty in abundance, but did not observe bifurcation in abundance trajectories with 

iterations of age assignment. Another possible issue was an uninformative prior on 

natural mortality that was set at 0.08 based on the lowest estimate of previous studies 

(Flowers 2008). However, this study estimates a much lower natural mortality rate, but 

in a few iterations the potentially uninformative prior may be forcing natural mortality 

higher than it should be (0.04-0.07, Figure 4-7), leading to lower population estimates in 

those cases. Future simulation is necessary to confirm the reasoning behind the 

bifurcation in abundance estimates of Gulf sturgeon in the Apalachicola River and 

corresponding uncertainty in natural mortality and capture probability parameters.  

 My assessment provides more certain population parameter estimates for Gulf 

sturgeon that managers can apply with greater confidence. Gulf sturgeon managers 
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now have the results from multiple approaches to estimate population abundance in the 

Suwannee River. The Suwannee River certainly supports the largest population of Gulf 

sturgeon as expected, and the ASMR estimates of abundance have less uncertainty 

than mark-recapture methods alone. Additionally, the Apalachicola population of Gulf 

sturgeon had increasing abundance over time. In their population viability analysis for 

the Suwannee River, Pine et al. (2001) estimated population growth rate as 1.05, 

indicating population growth over time. This supports my results that the Suwannee 

River abundance is stable and increasing over the time period. This is encouraging to 

managers interested in the recovery of this species. With information on carrying 

capacity for each river drainage, combined with quantifiable, defined recovery criteria, 

these Gulf sturgeon populations could be on the road to recovery. However, Gulf 

sturgeon managers should be mindful of the uncertainties in abundance estimates 

associated with age assignment when tagging effort is highly variable. To better 

understand the status of Gulf sturgeon in the Pearl and Pascagoula Rivers, where 

CPUE is low and telemetry predicts very high mortality, more tags need to be deployed 

annually. This could be accomplished through re-allocation of resources towards the 

areas that need it, and away from drainages like the Suwannee where so much 

information is known and the population is doing well.  
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Table 4-1. Number of initial marks and recaptures of Gulf sturgeon with internal and 
external passive tags in each river from 1977-2012. 

Year 
Suwannee Apalachicola   

Marks Recaptures Marks Recaptures   

1977 0 0 1 0   

1978 0 0 3 0   

1979 0 0 1 0   

1980 0 0 1 0   

1981 0 0 0 0   

1982 3 0 30 0   

1983 0 0 62 13   

1984 35 0 27 19   

1985 0 0 47 40   

1986 320 1 19 31   

1987 261 31 27 24   

1988 387 74 28 31   

1989 403 109 19 15   

1990 780 207 61 11   

1991 460 190 12 9   

1992 1687 182 8 2   

1993 719 243 50 11   

1994 512 202 0 0   

1995 554 327 10 4   

1996 142 82 0 0   

1997 244 170 1 0   

1998 454 233 73 14   

1999 369 221 152 20   

2000 95 75 2 1   

2001 157 80 42 11   

2002 136 68 40 22   

2003 34 15 25 7   

2004 0 0 140 41   

2005 34 6 66 18   

2006 304 98 162 47   

2007 204 63 17 8   

2008 0 0 0 0   

2009 0 0 0 0   

2010 15 5 172 19   

2011 19 1 116 24   

2012 0 0 28 13   

Total 8328 2683 1442 455   
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Table 4-2. Total number of Gulf sturgeon and percentage of Gulf sturgeon tagged in 
each river that emigrated outside of the river in which they were tagged. 

River Emigrants % Emigrants    

Suwannee 5 0.1    

Apalachicola 20 4.1    

Note: Between 1977 and 2012.  
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Table 4-3. Median estimates of Gulf sturgeon natural mortality from the MCMC posterior 
distribution with constructed upper (UCL) and lower (LCL) 95% confidence 
intervals.   

  Suwannee Apalachicola   

Estimate 0.031 0.032   

LCL 0.024 0.026   

UCL 0.039 0.039   
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Figure 4-1. The number of initial marks and recaptures of Gulf sturgeon at age over 

time. Numbers are expressed by bubble size. A) Suwannee River. B) 
Apalachicola River.  
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Figure 4-2. Von Bertalanffy growth curve fit to limited age at length data shows a high 
variation in ages as length increases. 
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Figure 4-3. Abundance estimates in numbers for age 2+ Gulf sturgeon populations over 

time. Median estimates and 95% confidence intervals from the MCMC 
posterior distribution, assuming a negative binomial probability distribution, 
incorporating 2,000 iterations of age assignment. A) Suwannee population. B) 
Apalachicola population.  
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Figure 4-4. Maximum likelihood estimates of abundance trajectories of Apalachicola 
River Gulf sturgeon compared with MCMC estimates. Each thin line 
represents a different iterate of 2,000 iterations of initial age assignment. 
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Figure 4-5. Numbers of age-1 Gulf sturgeon recruits over time. Median estimates and 

95% confidence intervals from the MCMC posterior distribution, assuming a 
negative binomial probability distribution, incorporating 2,000 iterations of age 
assignment. A) Suwannee population. B) Apalachicola population. 

  

A 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
B 
 
 
 
 
 
 
 



 

112 

 

Figure 4-6. Capture probability of Gulf sturgeon over time. The median and 95% 
confidence intervals were calculated from a distribution of maximum likelihood 
estimates from 2,000 iterations of initial age assignment, assuming a negative 
binomial probability distribution. A) Suwannee River. B) Apalachicola River.  

 

  

A 
 
 
 
 
 
 
 
 
 
 
 
 
 
B 
 
 
 
 
 
 
 



 

113 

 

Figure 4-7. Divergence in maximum likelihood parameter estimates between sample 
iterates of age assignment for the Apalachicola River Gulf sturgeon 
population. Estimates were obtained assuming a negative binomial probability 
distribution. A) Capture probability. B) Natural mortality.  
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Figure 4-8. Comparison of Poisson and negative binomial probability distributions for 

the number of predicted Gulf sturgeon recaptures in the year 2004. The year 
2004 was chosen as one of the years where ASMR analysis under the 
negative binomial assumption estimated bifurcated abundance estimates in 
the Apalachicola River.  
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Figure 4-9. Suwannee River Gulf sturgeon historic mark-recapture data and population 

parameters estimated from CJS mark-recapture model. A) Gulf sturgeon 
captures. B) Estimated captured probability. C) Estimated abundance over 
time. [Adapted from M. Randall, USGS, unpublished data]. 
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CHAPTER 5 
CONCLUSIONS AND RECOMMENDATIONS 

 This study confirmed that the standardized acoustic telemetry survey will be 

successful at estimating unbiased survival, detection probability, and movement rates of 

Gulf sturgeon after the full five year monitoring period for the majority of rivers being 

assessed. Detection probability across all states and both migration seasons was much 

greater than the capture probability associated with physical recaptures in previous 

studies, indicating yet another success of the five-year survey. However, a limitation of 

the telemetry survey was unavoidable imprecision around demographic parameters 

associated with a relatively short monitoring program for a long-lived species like Gulf 

sturgeon, and a relatively low number of acoustic tags due to limited resources. The 

simulations done by Zehfuss (2000) support the relatively short timeframe because 

detection probability is so high. However, uncertainties associated with limited number 

of tags are more difficult to resolve. It is important to remember the demographic rates 

for Gulf sturgeon estimated through the multi-state model are based only on the tagged 

population, a potentially small sample of the entire population. In Gulf sturgeon 

populations such as that in the Choctawhatchee River, I can hope the high number of 

acoustically tagged individuals is an adequate representation of the movement and 

mortality for the entire riverine population. Although the goal of acoustically tagging 40 

individuals in the Suwannee River was met, the large number of individuals in that 

population limits my ability to be certain in estimates and management 

recommendations solely from telemetry.  

 Movement rates between regions of the Gulf have important implications for 

management of the Gulf sturgeon. Given natal homing and minimal mixing of Gulf 
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sturgeon in the riverine populations, it is reasonable to conclude a low percentage of the 

Gulf sturgeon from eastern rivers move into rivers in the western Gulf. High fidelity rates 

are also important for designating stock structure and could be useful to identify and 

manage threats to Gulf sturgeon at a riverine scale. Treating western Gulf populations 

separately from central or eastern riverine populations could create independent pools 

of resources for management, allocating funding appropriately to areas in need.  

 The methods used to estimate Gulf-wide movement rates of Gulf sturgeon 

simultaneously estimated area-specific survival and detection probability. In the eastern 

and central Gulf sturgeon populations (Suwannee, Ochlockonee, Apalachicola, and 

Choctawhatchee Rivers, as well as river in Escambia Bay), survival rates appear high 

and relatively precise given the larger sample size of tagged Gulf sturgeon, but 

precision and accuracy of estimates are expected to increase with five full years of 

monitoring. Survival rates are most uncertain in the western Gulf (Pearl and Pascagoula 

Rivers) due to the low number of tagged Gulf sturgeon, and are expected to remain 

uncertain through the five-year survey if tagging rates remain the same. This is 

especially concerning due to high potential for anthropogenic impacts from habitat 

changes, pollution, and bycatch that remain un-quantified. The number of acoustic 

transmitters deployed in Gulf sturgeon in the Pearl and Pascagoula Rivers is far below 

the goal for the study, not due to lack of effort, but due to potentially lower catchability 

and sampling restrictions preventing Gulf sturgeon researchers from sampling at the 

most efficient periods. Regardless, unless the number of tagged Gulf sturgeon in these 

rivers increases, results from the five-year survey will fail to provide data needed to 
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estimate unbiased, precise survival rates for the Pearl and Pascagoula riverine 

populations.  

 The ASMR analysis results provide an optimistic view of Gulf sturgeon 

populations in the eastern Gulf. The Suwannee River population appears high and 

stable, with low uncertainty associated with initial age assignment. The Apalachicola 

River has a high cumulative tagged population, but with more pulsed effort over time. 

Using a Poisson probability distribution, ASMR consistently estimates an increasing 

population trajectory with relatively high precision when incorporating uncertainty in age 

assignment. However, it is import ant to identify the possibility of estimating a declining 

population trajectory when using a negative binomial probability distribution. Managers 

would be remiss not to properly test possible probability distributions and understand 

uncertainties underlying the likelihood structures. Uncertainty associated with initial age 

assignment in the Apalachicola River calls for a more constant mark-recapture program. 

Funds allocated into smaller amounts over a constant and longer period of time could 

help provide unbiased, time-specific estimates of abundance. Even if it means reaching 

a high cumulative tagged population at a slower rate, managers should further explore 

the implications of a pulsed effort tagging program.  

 Managers should be aware that a shared downfall of the short-term acoustic 

telemetry and constant, low monitoring effort for PIT tagging is the potential inability to 

properly identify population impacts. As the cumulative population of PIT tags increases 

over time, it will become easier to identify recent population impacts with more certainty. 

The short-term battery life of acoustic transmitters and expenses associated with 

maintaining an acoustic array are major limitations to acquiring a large number of 
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individuals in the study over a long period of time. To detect changes in a population 

from a major mortality event, the telemetry array and an acoustically tagged population 

must be at large and available for “recapture”. The small number of Gulf sturgeon with 

acoustic tags in the Pearl River, for example, was not sufficient to determine the 

impacts of the major paper mill byproduct spill during the first year of monitoring. On the 

other hand, a large cumulative number of individuals in a tagged population over time, 

analyzed using ASMR, could be the better sampling design for identifying significant 

population change.  

 High fidelity, differential mortality and uncertainty associated with variable quality 

mark-recapture data, combined with genetic studies (Stabile et al. 1996), provide 

excellent information to identify stock structure for the Gulf sturgeon (Grimes et al. 1987; 

Coyle 1998; Begg and Waldman 1999). Stock structure would be the first step towards 

recognizing distinct population segments (DPS) of the Gulf sturgeon that could 

ultimately lead to de-listing of well-understood, recovered Gulf sturgeon populations is 

dependent on the definition of quantifiable, redefined recovery criteria. Estimated 

abundance compared to riverine carrying capacity could also be considered when 

defining a recovered riverine population of Gulf sturgeon. Stock reduction analysis 

(Ahrens and Pine, in preparation) has estimated carrying capacities similar to or lower 

than current estimated population size for some rivers, an indication that abundance of 

those Gulf sturgeon populations may be approaching carrying capacity. However, the 

carrying capacities would need to incorporate habitat changes post-exploitation, so 

current abundance of Gulf sturgeon could not be compared to pre-exploitation 

abundance. Population viability analysis would also be necessary to assess if Gulf 
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sturgeon populations would be able to persist given habitat changes and associated 

carrying capacities. If some Gulf sturgeon populations meet these redefined, 

quantifiable recovery criteria, resources should be allocated towards the areas where 

more mark-recapture information is needed. Gulf sturgeon as a species, managed as 

one population, will not be able to be de-listed by the goal year 2023 if parameter 

estimates in the western Gulf remain uncertain and hint to a declining population. On 

the other hand, if a DPS were to be designated, riverine populations could be 

considered for delisting and a renewed fishery established in the eastern Gulf to attract 

associated economic benefits. Otherwise, the continued management of Gulf sturgeon 

as a species across its range may continue to inefficiently allocate resources to the east 

instead of the western Gulf, where the population dynamics are not well understood.  

 The most important data need for Gulf sturgeon is increasing the cumulative 

tagged population constantly over time in the Pearl, Pascagoula, Escambia, Blackwater, 

Yellow, Choctawhatchee, Ochlockonee, and even Apalachicola Rivers to estimate 

population parameters with precision and make better inferences in stock status. An 

immediate research need is the simulation of tagging effort patterns over time, the size 

of the cumulative tagged population compared to the total population size, and the 

inflexion points in the curves for vulnerability and cumulative probability of age given 

length to better understand the impacts of age assignment uncertainty. This simulation 

can be used to determine the number of years of tagging effort necessary in the 

Apalachicola River to ensure certainty in their increasing population trajectory and low 

mortality rate. Although detailed, it is important to identify the reasons behind bifurcation 

in the Apalachicola River population trajectories under the negative binomial 
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assumption to understand the certainty of increasing population trajectory. Simulation is 

also needed to understand the accuracy of ASMR with limited data and age assignment 

uncertainty. With the causes of uncertainty quantified, my recommendations to 

managers would be more specific and applicable.  
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