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ABSTRACT 

Spatial analysis of species for which there is limited quantity of data, termed as the data-

poor species, has been challenging due to limited information, especially lack of spatially 

explicit information. However, these species are frequently of high ecological, conservation and 

management interest. In this study, I used two empirical examples to demonstrate spatial analysis 

for two kinds of data-poor species. One example was seabird bycatch from the U.S. Atlantic 

pelagic longline fishery, which focused on rare events/species for which data are generally 

characterized by a high percentage of zero observations. The other example was endangered 

white abalone off the California coast, which focused on endangered species whose data are very 

limited. With the seabird bycatch example, I adopted a spatial filtering technique to incorporate 

spatial patterns and to improve model performance. The model modified with spatial filters 

showed superior performance over other candidate models. I also applied the geographically 

weighted approach to explore spatial nonstationarity in seabird bycatch, i.e., spatial variation in 

the parameters that describe relationships between biological processes and environmental 

factors. Estimates of parameters exhibited high spatial variation. With the white abalone 

example, I demonstrated the spatially explicit hierarchical demographic model and conducted a 

risk assessment to evaluate the efficacy of hypothetical restoration strategies. The model allowed 

for the Allee effect (i.e., density-dependent fertilization success) by using spatial explicit density 

estimates. Restoration efforts directed at larger-size individuals may be more effective in 

increasing population density than efforts focusing on juveniles. I also explored the spatial 
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nonstationarity in white abalone catch data. I estimated the spatially explicit decline rate and 

linked the decline rate to environmental factors including water depth, distance to California 

coast, distance to land, sea surface temperature and chlorophyll concentration. The decline rate 

showed spatial variation. I did not detect any significant associations between decline rate and 

these five environmental factors. Through such a study, I am hoping to provide insights on 

applying or adapting existing methods to model spatial dynamics of data-poor species, and on 

utilizing information from such analyses to aid in their conservation and management. 
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Chapter 1 

Introduction 

 

1.1 Data-poor species 

Analysis of species for which there is a limited quantity of data, termed as the data-poor 

species, has been recognized to be very challenging due to the high uncertainty involved in the 

analysis. Spatial analysis that requires additional information on spatial distribution makes the 

analysis for data-poor species even more complicated. However, these data-poor species are 

oftentimes of high interest in ecology, conservation and management, e.g., threatened or 

endangered species and bycatch species in fisheries. Methodologies that can fully utilize 

whatever information is available and can improve reliability of the analysis for data-poor 

species are thus urgently needed. In this study, I focused on two kinds of data-poor species. The 

first kind was rare events/species for which data are generally characterized by a high percentage 

of zero observations (termed as the zero-inflated data) and a large dataset if data are collected 

through a long-term survey. The second kind of data-poor species in this study was endangered 

species whose data are very limited, especially the biological and ecological information, and 

whose current abundance in the wild is too low to support further data collection. In this study, I 

demonstrate the methodologies using two examples, i.e., seabird bycatch from the U.S. Atlantic 

pelagic longline fishery and endangered white abalone (Haliotis sorenseni) off California coast. I 

used the seabird bycatch example to demonstrate the methodology focusing on spatial analysis of 

rare events/species with highly zero-inflated data. The white abalone example was employed to 

illustrate the methodology focusing on spatial analysis on endangered species with limited data. 

Both examples were of high conservation and management interest, and previous studies have 
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suggested that spatial patterns may exist in both examples (Hobday and Tegner, 2000; Karpov et 

al., 2000; Butler et al., 2006; Li and Jiao, 2011; Li and Jiao, 2012). 

Incidental mortality, known as seabird bycatch (Brothers et al., 1999; Tasker et al., 2000; 

Belda and Sanchez, 2001; Furness, 2003), has been believed to partially contribute to population 

declines of several albatross species (in the family Diomedeidae) and other species in the 

procellariiform order (Croxall et al., 1982; Brothers et al., 1999; Tasker et al., 2000; Belda and 

Sanchez, 2001; Furness, 2003). Adult seabirds get hooked or entangled when attempting to eat 

the bait on hooks and are drowned as hooks sink, which may also cause mortality of chicks if 

one or both parents are killed (Brothers et al., 1999; Gilman, 2001). Biological characteristics of 

seabirds such as late maturity, low reproductive rate and maternal care for chicks, make their 

populations vulnerable to the incidental mortality from all fisheries. The U.S Atlantic pelagic 

longline fishery primarily targets tunas (Thunnus) and swordfish (Xiphias gladius), and 

secondarily targets dolphinfish (Coryphaena hippurus) and sharks (Selachimorpha). This fishery 

has been monitored by the National Marine Fisheries Service Southeast Fisheries Science Center 

Pelagic Observer Program (POP) since 1992. In the POP, randomly selected fishing trips are 

attended by a trained observer, and detailed information on gear specification, fishing effort, 

fishing tactics, target catch, bycatch and environmental conditions is recorded. The seabird 

bycatch data that I used in this study were provided by the POP program. The POP data 

contained greater than 99% zero observations and served as a typical example of rare events/rare 

species with highly zero-inflated data. 

Five abalone species, including white abalone, historically supported a valuable 

commercial and recreational fishery in California (Haaker, 1994; Hobday and Tegner, 2000). 

The white abalone fishery began in 1968, peaked in 1972 and collapsed by 1978, driven by 
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intensive exploitation and potentially by other factors such as environmental changes, diseases, 

hybridization, accidental mortality, and predation and competition (Lundy, 1997; Hobday and 

Tegner, 2000). A decline of greater than 99% was estimated, and recruitment has not been 

observed in the wild for decades. Remnant populations may suffer the Allee effect (Allee, 1931) 

where fertilization fails due to low density of adult abalones (Cox, 1960; Hobday and Tegner, 

2000; Stierhoff et al., 2012). By 1997, the State of California closed all commercial and 

recreational abalone fisheries throughout the state except the recreational fishery for red abalone 

(Haliotis rufescens) located north of San Francisco (Altstatt et al., 1996; Hobday and Tegner, 

2000). In 2001, white abalone was listed as an endangered species under the Endangered Species 

Act (Haaker, 1998; Hobday and Tegner, 2000). As the deepest-living and the latest harvested 

species among all abalone species along the west coast, the white abalone has been poorly 

studied (Hobday and Tegner, 2000). Limited data on its biology and ecology make restoration of 

the species even more challenging.  

 

1.2 Spatial modeling for data-poor species 

Spatial models and non-spatial models differ substantially in the assumptions about 

relationships among observations. Spatial models assume observations to spatially depend on 

each other, whereas non-spatial models assume that observations are independent of each other 

(Cressie, 1993). Spatial analysis has been applied to improve stock assessments for spatially 

aggregated species, especially for invertebrate species that have limited movement (Conan, 

1985; Gonzalez-Gurriaran et al., 1993). With observations being spatially dependent of each 

other, the commonly used assumption of independence will not be appropriate any more. Spatial 

analysis also helps detect spatial patterns of a species which can further benefit its management 
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and restoration (Vignaux, 1996; Walter et al., 2007). For example, hotspots of bycatch events 

identified through a spatial analysis will provide implications in the development of bycatch 

reduction strategies. Spatial variation in key parameters (e.g., the parameter describing 

relationships between biological processes and environmental factors, and the biological 

parameter such as growth rate, survival and reproduction), also known as the spatial 

nonstationarity, will help identify driving factors and develop spatially explicit management 

plans. 

Spatial analysis of data-poor species is confronted with many challenges. First, excess 

zeros in the data of rare events/species invalidate the normality assumption that we commonly 

use in ecological data analyses and may cause computational problems (Maunder and Punt, 

2004; Cunningham and Lindenmayer, 2005). For example, the longline seabird bycatch data that 

I used in this study contained greater than 99% zero observations. The simplest ways to deal with 

zeros is to ignore them, or to aggregate multiple records (Maunder and Punt, 2004; Winter et al., 

2011).  However, either ignorance of a considerable proportion of zeros or aggregation of 

multiple records will result in a loss of information that may reflect the spatial or temporal 

distribution characteristics of the species. Second, a large dataset makes computation even more 

difficult if the traditional methods for spatial analysis are employed which assume a variance-

covariance matrix to describe spatial dependence between observations (Cressie, 1993). For 

example, there were a total of 12,894 longline sets analyzed for the seabird bycatch data in this 

study, and the traditional method may not be applicable for such a large dataset because inverting 

such a large variance-covariance matrix when calculating its normal likelihood requires special 

numerical techniques. Third, lack of ecological and biological information for endangered 

species already makes their analysis difficult and highly uncertain. In terms of spatial analysis 
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that requires spatially explicit ecological and biological information, the situation is even more 

difficult. However, analysis with whatever data are available will be important to the 

management and restoration of these endangered species. 

There are many methodologies available to investigate spatial patterns, to deal with zero-

inflated data or to model species with limited information. For example, to model spatial 

patterns, the semivariogram model, the spatial filtering technique (e.g., Griffith and Peres-Neto, 

2006), the geographically weighted approach (e.g., Brunsdon et al., 1996), the simultaneously 

autoregressive model and the conditional autoregressive model (Cressie, 1993) have long been 

used. To deal with zero-inflated data, the generalized linear and additive models with an additive 

constant (e.g., Ortiz et al., 2000), the delta model (e.g., Lo et al., 1992; Stefansson, 1996), and 

the zero-inflated model (e.g., Minami et al., 2007) are commonly applied in ecological studies; 

the Tweedie distribution model (e.g., Shono, 2008), and the delta model combined with the 

AdaBoost model (e.g., Li et al., 2011) are recently applied. To incorporate high uncertainty due 

to data limitation, hierarchical models (e.g., Jiao et al., 2011), Bayesian models (e.g., Jiao et al., 

2011) and demographic models (e.g., Rogers-Bennett and Leaf, 2006) are oftentimes options to 

consider. I would like to emphasize that with such a large pool of methodologies being available, 

I only explored or adopted four of them in this study, namely the spatial filtering technique, the 

geographically weighted approach, the hierarchical demographic model and the spatial 

nonstationary analysis. I decided to focus on these four methodologies for three reasons. First, 

they are relatively new and have a lot of potential applications in ecological studies that are 

worthy a further exploration. Second, they can potentially be modified or adopted into existing 

modeling approaches and thus become appropriate for data-poor species. For example, I 

modified and extended the spatial filtering technique and the geographically weighted approach 
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so that they can be appropriately applied for zero-inflated data. Third, they are flexible tools to 

explore spatial patterns. By adjusting the assumptions on patterns and strength of spatial 

dependence between observations, spatial patterns that appropriately describe the data and fit the 

research interest can be explored.  

 

1.3 Implications in conservation and management 

In the traditional statistical analysis, we usually assume observations to be independent. 

However, with spatial dependence existing in the data, this assumption becomes violated. By 

incorporating spatial patterns in the model, bias caused by violation of this assumption may be 

reduced, and estimation and prediction (e.g., number of seabird bycatch) from the model may be 

improved. Additionally, such analysis may help identify spatial distribution of species and 

hotspots on which management and conservation effort could focus. For example, hotspots of 

seabird bycatch can be identified through such spatial analysis, and the bycatch reduction 

measures focusing on these hotspots may be more efficient; if population dynamics of white 

abalone show spatial variation, restoration may need to consider both global and local scale. 

 

1.4 Objectives 

Given the challenges and importance of spatial analysis for data-poor species, the overall 

goal of this study was to develop alternative modeling approaches to explore spatial dynamics of 

data-poor species and demonstrate these approaches using empirical examples of seabird bycatch 

and white abalone. Specifically, in Chapters 2 and 3, I focused on rare events/species with highly 

zero-inflated data using the example of seabird bycatch. In Chapter 2, I aimed to adopt a 

relatively new technique, the eigenfunction-based spatial filtering, into an existing modeling 
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approach, the delta model, to incorporate spatial dependence in analysis of a large dataset. In 

Chapter 3, I aimed to extend a relatively new approach, the geographically weighted regression, 

by incorporating statistical distributions other than the normal distribution and to develop the 

geographically weighted generalized linear model to explore spatial nonstationarity in seabird 

bycatch data. In Chapters 4 and 5, I focused on endangered species with limited data using the 

example of white abalone. The purposes of Chapter 4 were to develop the spatially explicit 

demographic model and to conduct risk assessment for white abalone where the efficacy of 

hypothetical restoration strategies were evaluated. The purposes of Chapter 5 were to explore the 

spatial nonstationarity in white abalone commercial catch data and to link decline of catch and 

environmental factors. Through such a study, I am hoping to provide insights on applying or 

adapting existing methods for modeling spatial dynamics of data-poor species, and on utilizing 

information from such analyses to aid in conservation and management of these species. 
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Chapter 2 

Modeling Spatial Patterns of Rare Species Using Eigenfunction-based Spatial 

Filters: An Example of Modified Delta Model for Zero-inflated Longline Seabird 

Bycatch Data 

 

2.1 Abstract 

Data of rare species usually contain a high percentage of zero observations due to their 

low abundance. Such data are generally referred to as zero-inflated data. Modeling spatial 

patterns in such data has been challenging, especially when large datasets are involved and 

intensive computing are required. The eigenfunction-based spatial filtering provides a flexible 

tool that allows the existing modeling approaches that can handle zero-inflated data, such as the 

delta model, to be applied in the presence of spatial dependence. With a real dataset, the longline 

seabird bycatch data, the present study demonstrated a modification of the delta model with 

spatial filters to investigate spatial patterns in zero-inflated data for rare species. I explored a 

total of 108 spatial weighting matrices, and modified the delta model by incorporating the spatial 

filters generated from the best spatial weighting matrix. I applied a five-fold cross-validation to 

compare performance of the modified delta model with the three other candidate models based 

on the mean absolute error and the mean bias. The three candidate models included the baseline 

model without spatial dependence considered, the trend-surface generalized additive model and 

the random areal effect model. The best matrix was constructed with the Gabriel graph 

connectivity matrix and the exponential weighting function with parameter m = 0.5. The delta 

model modified with spatial filters showed superior performance over the other three candidate 
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models in the seabird bycatch example. This study provides an alternative to incorporate spatial 

dependence in the existing approaches for modeling spatial patterns in zero-inflated data for rare 

species. 

 

2.2 Introduction 

Data of rare species are usually characterized by a high percentage of zero observations 

due to their low abundance. Such data are generally referred to as zero-inflated data. The excess 

zeros may invalidate the normality assumption that we commonly use in ecological data analyses 

and may cause computational problems (Cunningham and Lindenmayer, 2005). Ignorance of a 

considerable proportion of zeros or merging of multiple records would likely result in a loss of 

information that reflects the spatial or temporal distribution characteristics of the species; 

ignorance of the spatial patterns that are likely to exist may also cause bias in estimation because 

the assumption of independence among observations is violated. Therefore, analysis of such data 

requires specialized statistical techniques, and it is quite challenging to incorporate spatial 

patterns in the analysis. Because rare species are frequently of ecological, conservation or 

management interest, analyses of such data may provide valuable information for management 

and conservation of rare species, e.g., to help identify hotspots of bycatch events or provide 

guidance for habitat restoration. 

Several modeling approaches have been developed to deal with zero-inflated data. In 

these approaches, the non-zero data and zero data are handled either in two separate sub-models 

(e.g., the delta model or hurdle model [Aitchison, 1955; Aitchison and Brown, 1957; Pennington, 

1983; Lo et al., 1992; Fletcher et al., 2005] and the zero-inflated model [Mullahy, 1986; Welsh et 

al., 1996; Hall, 2000]), or simultaneously in a single model (e.g., the Tweedie distribution model 
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[Tweedie, 1984] and the classification tree model [Breiman et al., 1984; Li and Jiao, 2011b]). 

Given these existing modeling approaches, the question then is how to incorporate spatial 

dependence in these approaches.  

An early example of incorporating spatial patterns in the traditional regression model is 

the trend-surface analysis. The trend-surface models describe spatial patterns using polynomial 

terms of geographic coordinates (Legendre, 1990). This method is devised to capture broad-scale 

spatial patterns with simple shapes like planes, saddles or parabolas, but insufficient to capture 

fine-scale structures that may require too many parameters to estimate (Borcard and Legendre, 

2002). Another major problem with the trend-surface analysis is the correlation inherent in those 

polynomial terms, which may cause bias in parameter estimation and statistical testing; although 

this problem can be minimized by orthogonalizing the polynomial terms, difficulties may arise 

for interpretation and prediction. 

Recently applied in ecological studies, the eigenfunction-based spatial filtering provides 

an alternative. The principal coordinates of neighbor matrices (PCNM) proposed by Borcard and 

Legendre (2002) and modified by Dray et al. (2006) is one kind of the commonly used 

eigenfunction-based spatial filtering methods. To apply the eigenfunction-based spatial filtering, 

a spatial weighting matrix is constructed based on the relationship between each pair of 

locations: whether they are neighbors and how strong their dependence is given that they are 

neighbors. The spatial dependence between two locations is assumed to be a function of their 

Euclidean distance. The eigenvalues and their associated eigenvectors of a centered spatial 

weighting matrix constitute the eigenfunction. These eigenvectors (called the spatial filters 

hereafter) are believed to describe all the possible spatial patterns among sampling locations, 

where the spatial filters associated with larger eigenvalues represent broader-scale variation and 
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those associated with smaller eigenvalues represent finer-scale variation. The spatial filters can 

further be used as explanatory variables in the traditional regression model. The eigenfunction-

based spatial filtering has been used with success in several ecological applications (Borcard and 

Legendre, 2002; Diniz-Filho and Bini, 2005; Dray et al., 2006; Griffith and Peres-Neto, 2006). 

Its advantages may include the flexibility in conjunction with the regression model framework, 

less demand for computation for large datasets and the capability of capturing both large- and 

fine-scale variations. Therefore, I was motivated to modify existing modeling approaches that 

handle zero-inflated data with eigenfunction-based spatial filters, with the hope that this 

modification may provide an alternative to incorporate spatial dependence in the data analysis 

for rare species. 

In the present study, I demonstrated such a modification of the delta model. The delta 

model, also called the hurdle model, was developed on the basis of the delta distribution 

proposed by Aitchison (1955) and Aitchison and Brown (1957) to deal with excess zeros in data 

analyses. The delta model and zero-inflated model are similar in that they both model zero and 

non-zero data in two separate sub-models. Their difference lies in the sub-model that handles 

zero data (the probability sub-model). The probability sub-model in the delta model gives the 

probability of obtaining non-zero data while the one in the zero-inflated model gives the 

probability of obtaining zeros. Although in this study, I adopted the delta model as an example to 

demonstrate the modification with spatial filters for zero-inflated data, the methodology can also 

be applied to other modeling approaches such as the zero-inflated model. 

The overall goal of this study was to demonstrate the modification of existing models 

with eigenfunction-based spatial filters to explore spatial patterns in zero-inflated data for rare 

species using the example of modified delta model fitted to a real dataset, the longline seabird 
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bycatch observer data. Specifically, I aimed to (1) extract spatial filters from appropriate spatial 

weighting matrices; (2) modify the delta model by incorporating these spatial filters; (3) compare 

the performance of the modified delta model with other commonly used modeling approaches 

including the baseline model without spatial dependence considered, the trend-surface 

generalized additive model and the random areal effect model. 

 

2.3 Methods 

Delta model 

I applied the delta model as an example to deal with zero-inflated data for rare species. 

The delta model consists of two sub-models, one sub-model (positive sub-model) to analyze 

positive data, and the other one  (probability sub-model) to estimate the probability of obtaining 

positive data. The product of the estimates from these two sub-models gives the final estimates: 

       ĉ = d̂ ! p̂ ,                   (1) 

where d̂  is the estimated value when only the positive data are analyzed, p̂  is the estimated 

probability of obtaining positive data, and ĉ  is the final estimates from the delta model. For the 

positive sub-model, a generalized linear model was applied where I assumed a certain statistical 

distribution (e.g., a normal distribution) and a link function (e.g., an identity link) for the positive 

data: 

g(d̂) = !0 + !qXq! ,    (2) 

where !0  is the intercept; !q  is the coefficient for the qth explanatory variable Xq, and g(.) is the 

link function. In the probability sub-model, the data were converted into the presence/absence 

data (y) that take a value of one for those positive observations and a value of zero otherwise. A 
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generalized linear model with an assumption of a binomial distribution and a logit link function 

was used as the probability sub-model: 

     
ln( p
1! p

) =!0 + !qXq" ,    (3) 

where !0  is the intercept; !q  is the coefficient for the qth explanatory variable Xq. 

The explanatory variables were selected through a stepwise approach based on the 

Akaike Information Criterion (AIC) and a chi-square test (Akaike, 1974; Burnham and 

Anderson, 2002). Model development started with a model only including an intercept. At each 

step of the stepwise selection, the variable that reduced the AIC value most or showed the most 

significant effects on the response variable was selected into the model. I repeated this step until 

no substantial improvement was obtained from including an additional variable. Two-way 

interactions were not included in the models because they were either insignificant or correlated 

with main factors. 

 

Eigenfunction-based spatial filters and the modified delta model 

The spatial filters were obtained by calculating the eigenvectors and eigenvalues of the n

n spatial weighting matrix W = [wij] after centering, where i and j index the ith and jth 

locations and n is the total number of locations of the observations (Dray et al., 2006; Griffith 

and Peres-Neto, 2006). The spatial weighting matrix can be seen as the Hadamard product 

(element-wise product) of a connectivity matrix B=[bij] by a weighting function matrix A=[aij], 

i.e., [wij]=[bij aij] (Dray et al., 2006). Elements of the connectivity matrix B take a value of one 

for two locations that are neighbors (i.e., connected) and zero otherwise. I constructed five 

connectivity matrices for comparison, including the distance-based neighborhood based on 

!
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minimum spanning tree (MST), one based on semivariogram range (SVG), the Delaunay 

triangulation (DEL), the Gabriel graph (GAB) and the relative neighborhood graph (REL). The 

last three were based on topology. The MST defined two locations to be neighbors if dij " 6.19 

(102 km, estimated from the POP data), where dij is their Euclidian distance. Similarly, the SVG 

defined two locations to be neighbors if dij " 20 (102 km, estimated by fitting the semivariogram 

to the POP data, Cressie, 1993; Appendix A). In the DEL, I first defined a region Ti = 

 in which the distance from any point s to location i was no larger 

than the distance to any other locations; two locations are considered to be neighbors if Ti and Tj 

share a side. The GAB defined two locations to be neighbors if dij "  for k = 1,…, 

n and k # i, j. The REL defined two locations to be neighbors if dij "  for any k = 

1,…, n and k # i, j. Details on constructing these five connectivity matrices can be found in 

Toussaint (1980), Lee and Schachter (1980), and Jaromczyk and Toussaint (1992). 

The weighting function matrix A measures the intensity and patterns of the spatial 

dependence between two locations, and was obtained by applying the weighting function to their 

Euclidean distance. Dray et al. (2006) introduced the notion of geographic similarity in A and 

assumed that 0 " aij " 1, where a value of zero measured independence and a value of one 

measured extreme dependence.  Following this assumption and modified from the spatial 

correlation functions that were widely used in literatures (Weber and Talkner, 1993; Schlather, 

1999; Dray et al., 2006), I constructed six types of weighting functions, including the equal 

weights function (F1), the concave-down decay function (F2), the inverse decay function (F3), 

the Gaussian decay function (F4), the exponential decay function (F5), and the spherical decay 

function (F6): 

{s : dis ! djs ! for !any! j " i}

min dik
2 + djk

2( )

max dik,!djk( )
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F1: aij = 1,      (4) 

F2: aij = 1!
dij

max(dij )

"

#
$$

%

&
''

m

,  

F3: aij = 1
1+ dij

m , 

F4: aij = exp(!(mdij )
2 ) , 

F5: aij = exp(!mdij ) , 

F6: aij = 1! 3
2
(mdij )+

1
2
(mdij )

3 , 

where m is a shape parameter that controls how fast the dependence between two locations 

decays as their distance increases. I evaluated four different m values for each of the weighting 

functions F2-F6, i.e., m = {0.5,!1,!2,!3} ; when m = 1, the function F2 represented a linear decay 

pattern. For weighting functions F4-F6, I additionally tested m = 1/20 where the value 20 (102 

km) was the estimated asymptotic range by fitting a semivariogram model to the POP data 

(Appendix A), and the resulting weighting functions corresponded to the canonical spatial 

correlation functions (Cressie, 1993). 

The spatial weighting matrix W was centered as follows (Borcard and Legendre, 2002; 

Dray et al., 2006; Griffith and Peres-Neto, 2006): 

Wc = (I !
J
n
)W (I ! J

n
)      (5) 

where Wc is the centered spatial weighting matrix, I is a n n identity matrix and J is a n n 

matrix of one’s. The eigenvectors and their corresponding eigenvalues of Wc constituted the 

eigenfunction, and those eigenvectors (i.e., spatial filters) associated with positive eigenvalues 

! !
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were used as explanatory variables for model development (Dray et al., 2006; Griffith and Peres-

Neto, 2006). 

I obtained a large number of spatial filters associated with positive eigenvalues 

(Appendix A) because of the large dataset, I restricted the variable selection to those having 

MC/MCmax $ 0.25 for model development (Griffith, 2004), where MC refers to the Moran’s I 

coefficient (Moran, 1950; Dray et al., 2006): 

MC(v) = n
1tW1

vt (I ! J n)W (I ! J n)v
vt (I ! J n)v

,    (6) 

where 1 is a n 1 vector of one’s, t refers to the transpose of a matrix or a vector, and v is a n 1 

vector for which the Moran’s I coefficient is calculated. For the positive sub-model, I had to 

further restrict the variable selection to those top 20 with the largest values of MC/MCmax due to 

few positive observations. I started with the baseline model (BL), and selected the eigenvectors 

through the forward selection procedure as I described in the section of delta model.  

I explored a total of 108 spatial weighting matrices obtained by combinations of different 

connectivity matrices B and spatial weighting function matrices A. I modified the BL model by 

incorporating spatial filters from each of these spatial weighting matrices. Additionally, I 

evaluated the PCNM method by Dray et al. (2006). The PCNM uses a weighting matrix similar 

to the one obtained by the combination of MST connectivity matrix and F2 weighting function 

with m = 2, except that: (1) each location does not connect to itself (i.e., each location has no 

influence on itself) and thus the connectivity matrix B has values of zero on its diagonal; (2) max 

(dij) in F2 is replaced with a value that is four times the threshold; I used 6.19 (102 km) as the 

threshold in this study based on the POP data. 

! !
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I compared the spatial weighting matrices based on performance of the correspondingly 

modified delta models. I used AIC as the main criterion for selecting the best spatial weighting 

matrix (matrices), and the one (s) associated with the smallest AIC value (s) would be considered 

to yield the best model goodness-of-fit and would be used as candidate models to compare with 

other commonly-used spatial modeling approaches in the next section (the section of model 

comparison). Because performance of the delta model is determined by both sub-models and it is 

possible that the two sub-models favor different spatial weighting matrices, I selected the best 

spatial weighting matrices favored by each sub-model, and then consistently applied each matrix 

to both sub-models for convenience of interpretation. Other than the AIC values, I also tracked 

the MC values of the response residuals ( y! p̂ ) for both sub-models (Griffith, 2004) and the area 

under the receiver operating characteristic (ROC) curve (AUC) for the probability sub-model. 

The ROC curve plots the true positive rate Pr(ŷ =1| y =1)  against the false positive rate 

Pr(ŷ =1| y = 0) , and has long been used to evaluate the prediction accuracy of a classification 

algorithm (Bradley, 1997). Here the probability sub-model can be treated as a classification 

algorithm and a larger AUC value suggests higher discrimination accuracy of the model. I 

reported the residual MC values for both the BL and the SF models for the purpose of comparing 

the MC values between these two models and demonstrating how efficiently the SF model 

reduces spatial autocorrelation in residuals by including spatial filters. 

 

Model comparison 

I compared performance of the delta models (SF) modified with selected spatial 

weighting matrices with other three candidate delta models, including the baseline model (BL) 

that did not account for spatial patterns, the trend-surface generalized additive model (TS) using 
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a smooth function of latitude and longitude to describe the large scale spatial patterns (Hastie and 

Tibshirani, 1990; Dormann et al., 2007) and the random areal effect model (RE) that assumed 

that areas had a random effect on the response variable and this random effect followed a normal 

distribution with a zero mean (Bolker et al., 2009; Li and Jiao, 2012). I applied the five-fold 

cross-validation to evaluate the performance of candidate models (Hastie et al., 2001; Damalas et 

al., 2007; Shono, 2008). In the five-fold cross-validation, I randomly divided the whole dataset 

into five sub-datasets with roughly equal size. Each subset was used as test data to predict from 

the model, and the other four subsets were combined as training data to fit the model. The 

comparison criterion was calculated for each set of training and test.  I used the mean absolute 

error (MAE) and the mean bias as criteria. The model providing a lower MAE value and a mean 

bias closer to zero would be judged to have better performance. The MAE and mean bias were 

calculated as follows respectively: 

MAE = 1
n

ĉi ! ci" ,     (7) 

Mean!bias = 1
n

ĉi ! ci( )" .    (8) 

 

Seabird bycatch example 

In this study, I used the seabird bycatch data provided by National Marine Fisheries 

Service Southeast Fisheries Science Center Pelagic Observer Program (POP). The POP program 

was initiated for monitoring the United States Atlantic pelagic longline fishery. In the POP 

program, randomly selected fishing trips are attended by an observer, and the detailed 

information on gear specification, fishing effort, fishing tactics, target catch, bycatch and 

environmental conditions is recorded. I analyzed 12,894 longline sets of the POP data during 
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1992 to 2011, of which only 73 sets caught 140 seabirds; therefore, approximately 99.4% zero 

observations occurred. The POP data covered 11 fishing areas (Fig. 1, Lee and Brown, 1998). In 

the following analyses, I projected the geographic coordinates recorded in the POP data (i.e., 

degree north and degree west) to the Universal Transverse Mercator (UTM) system zone 15 

based on the NAD83 geodetic datum. The explanatory variables analyzed are listed in Table 1. 

I decided to use the POP seabird bycatch data as an example for three reasons: (1) this 

dataset represents a typical structure of survey data for rare species with an extremely high 

percentage of zero observations; (2) seabird bycatch in the POP showed spatial patterns, i.e., 

most seabird bycatch occurred along the east coast of the United States (Fig. 1), which needs to 

be considered to increase the accuracy of assessment; (3) the large dataset and the extreme low 

capture rate have posed challenges in modeling spatial patterns. 

 With the seabird bycatch data, d̂  is the estimated bycatch when only the longline sets 

with at least one seabird caught were analyzed, p̂  is the estimated probability of catching 

seabirds, and ĉ  is the estimated number of seabird bycatch on a longline set. In the positive sub-

model, I assumed the log-transformed data to follow a normal distribution. I applied log-

transformation because it has been widely used in fisheries catch/bycatch analysis (e.g., 

Stefansson, 1996; Ortiz et al., 2000). I used normal distribution instead of Poisson or negative 

binomial distributions for three reasons. First, the bycatch data were no longer count data after 

log-transformation. Second, the bycatch data can be treated as bycatch rate (number of seabird 

bycatch per longline set) as in Winter et al. (2011) where a normal distribution was also applied 

after log-transformation. Third, the probability density function of continuous data has been 

assumed on log-transformed count data in other literatures (Pennington, 1983; Stefansson, 1996; 

Li et al., 2011). 
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Fitting the baseline model (BL) to the POP data, the positive sub-model selected soak 

duration in the model and the probability sub-model included latitude, longitude, season and 

target species. The other candidate models fitted to the POP data including the one modified with 

spatial filters (SF) are shown in Table 2. For the RE model, I did not include an areal random 

effect in the positive catch sub-model and used the same sub-model as the BL model because the 

POP data obtained few captures of seabirds and all captures occurred in five of the 11 fishing 

areas (Fig. 1). 

 

2.4 Results 

I present in Table 3 the results of the best two spatial weighting matrices from each type 

of connectivity matrix, one favored by the positive sub-model (i.e., yielding the smallest AIC in 

the positive sub-model) and the other one favored by the probability sub-model (i.e., yielding the 

smallest AIC in the probability sub-model). The full list of results are summarized in Appendix 

A. Compared with the BL model, including spatial filters greatly decreased the AIC values for 

the probability sub-model but not for the positive sub-model (Tables 2 and 3). Among all the 108 

spatial weighting matrices and the PCNM method, two matrices performed equally best in the 

positive sub-model, yielding the smallest AIC value (139.5); one was constructed with the MST 

connectivity matrix and the other one with the SVG connectivity matrix, and both were weighted 

by the exponential function (F5) with m = 2. However, the differences in AIC values between 

candidate positive sub-models were not obvious because a difference of four in AIC values will 

be considered to be statistically significant. The best spatial weighting matrix selected by the 

probability sub-model, corresponding to the lowest value of AIC (646.9), combined the GAB 

connectivity matrix and the exponential weighting function (F5) with m = 0.5. The PCNM 
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method performed better than the BL model, but many of the other spatial weighting matrices 

produced a better fit. Further comparison between these three spatial weighting matrices through 

the five-fold cross validation determined the one combining the GAB and F5 with m = 0.5 to be 

the best for the overall delta model (Table 2), yielding the smallest MAE value for training data 

on average (0.0172 on average), competing MAE value for test data (0.0192 on average) and the 

smallest mean bias (-0.0012 for training data and -0.0009 for test data on average).  

The best delta model that I selected above (SF-GAB), i.e., the one modified with the 

spatial weighing matrix combining the GAB and F5 with m = 0.5, selected two spatial filters in 

the positive sub-model and 31 spatial filters in the probability sub-model (Tables 2 and 3). Both 

spatial filters in the positive sub-model were associated with relatively large eigenvalues (the 

11th largest value of 8.6 and the 17th largest value of 7.7) representing broader-scale spatial 

patterns. The SF-GAB model reduced the MC value in the positive data (0.793) by 3.2% while 

the BL model reduced the observation MC value by only 1.6%. Of the 31 spatial filters in the 

probability sub-model, four were associated with relatively large eigenvalues (7.1-13.6) 

representing broader-scale spatial patterns and the rest associated with small eigenvalues (4.9-

6.6) representing finer-scale spatial patterns. Compared to the MC value in the presence/absence 

data (0.244), the SF-GAB model had the MC value of its response residuals drop by 45.9% while 

the BL model had it drop by only 2.8%. The AUC value produced by the SF-GAB model was 

relatively high (0.9401). Spatial patterns in the positive catch depicted by the two spatial filters 

in the SF-GAB model are shown in Fig. 2, and examples of the spatial patterns in the probability 

of catching seabirds depicted by spatial filters are shown in Fig. 3. 

Results of model comparison between the SF-GAB model and the other three commonly 

used models are summarized in Tables 4 and 5. Of the four candidate models, the SF-GAB 
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produced the lowest MAE value for training data; although its MAE value for test data was 

larger than the BL and the RE models, the differences between candidate models was slight 

(Table 4). The SF-GAB had the smallest mean bias for both training and test data (Table 5). 

Spatial patterns of the estimated positive catch, the estimated probability of catching seabirds and 

the estimated seabird bycatch from these four candidate models are shown in Figs. 4, 5 and 6. 

The SF-GAB model captured more detailed spatial patterns than the other three candidate 

models. For the estimated positive catch, the SF-GAB model and the BL model produced similar 

spatial patterns, i.e., higher positive catch along east coast of the United States and in the Gulf of 

Mexico (Figs. 4a and 4b), with the SF-GAB model providing more local structures especially in 

the Sargasso region and the north central Atlantic (Fig. 4b); however, the TS model showed 

strength in capturing the larger-scale trend with higher positive catch along east coast and lower 

in the Gulf of Mexico and the northeast district (Fig. 4c). For the probability of catching 

seabirds, the four candidate models gave similar spatial patterns, i.e., higher probability along 

northeast coast of the United States and in the northeast district, and more small-scale patterns 

were captured by the SF-GAB model especially for the northeast coast (Fig. 5b). When 

combining the estimates from both sub-models, all four candidate models described a similar 

pattern with higher seabird bycatch along northeast coast of the United States and in the 

northeast district; the BL model also highlighted the Gulf of Mexico with higher seabird bycatch 

(Fig. 6a). The estimated seabird bycatch by the SF-GAB model along the northeast coast was 

lower than the other three candidate models; the estimates in the southwest corner of the 

northeast district was lower than the rest of this district, which added a local structure to the 

overall trend (Fig. 6b). 
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2.5 Discussion 

Compared with the BL model that considered no spatial dependence, the delta model 

showed a great improvement in goodness-of-fit after incorporating the spatial filters in the 

probability sub-model but little improvement was achieved for the positive sub-model. For 

example in the SF-GAB model, the spatial filters led to a decrease of 147 in AIC value for the 

probability sub-model but only a decrease of one for the positive sub-model (Table 2). This 

result suggested the existence of spatial dependence in the probability of catching seabirds but 

little large-scale spatial patterns in the positive catch data, which agreed with the result from 

semivariograms (Appendix A). However, this result does not provide evidence for the absence of 

local spatial structure in the positive catch data because I restricted our selection to those spatial 

filters associated with large eigenvalues that described larger-scale spatial patterns due to few 

positive observations. If I also investigate those spatial filters associated with small eigenvalues 

that describe smaller-scale spatial patterns, I may find substantial improvement in goodness-of-

fit for the modified positive sub-model if local variation did play an important role. I ignored 

those spatial filters with small eigenvalues in this study due to intensive computing. For example 

in the SF-GAB model, I would have more than 7,702 spatial filters to select from if I consider all 

spatial filters with positive eigenvalues (Appendix A). I did find support for the existence and 

importance of local spatial variation in the probability of catching seabirds. Of the 31 spatial 

filters selected in the probability sub-model, 27 were associated with small eigenvalues. The 

importance of spatial impacts on seabird bycatch in longline fisheries has been well documented 

(Klaer and Polacheck, 1998; Brothers et al., 1999; Jimenez et al., 2010; Li and Jiao, 2011a). 

Besides the improvement in model performance due to incorporation of spatial 

dependence, another significant advantage of the spatial filtering is its flexibility. First, all spatial 
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filters are mutually independent; they can capture both broader- and finer-scale spatial patterns. 

Second, spatial filters can be incorporated as explanatory variables in the commonly used 

statistical models such as the generalized linear models. Third, the spatial weighting matrix can 

be constructed in various ways to meet the assumptions of spatial patterns in the data, and does 

not require the positive-definiteness that is generally required by the spatial variance-covariance 

matrix. In this study, I constructed a total of 109 spatial weighting matrices that combined 

different neighbour structures and different patterns of how spatial dependence decays with 

separation distance (Table 3), and some of these weighting matrices utilized information from 

semivariograms (i.e., the range estimate) that would also be used when constructing a spatial 

variance-covariance matrix. A major drawback of the eigenfunction-based spatial filtering is that 

centering of the spatial weighting matrix may require intensive computing for large datasets such 

as the POP data. Fortunately, some numerical techniques can relieve this problem, for example, I 

reduced those calculations on matrices to the calculations on vectors in this study. Additionally, 

Griffith (2000) provided an analytical formulation for eigenvalues and eigenvectors for regular 

square tessellations, which would be useful for large raster datasets. 

The choice of a spatial weighting matrix has proven critical for data with irregular 

distribution of locations (Tiefelsdorf et al., 1999; Dray et al., 2006), which is typical for the data 

of rare species. For data with irregular distributions, the spatial weighting matrix greatly 

influence the number of positive eigenvalues and the spatial patterns depicted by their associated 

spatial filters. Choice of the best spatial weighting matrix may depend on several factors 

including selection criterion, the number of alternative matrices compared and the data structure. 

However, no matter what weighting matrix that I choose, the overall assumption for constructing 

these weighting matrices is that those observations nearer to a location have greater influence 
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than those farther away; their major difference lies in how such influence decays as distance 

increases. Having data to select the best spatial weighting matrix based on certain criteria such as 

the AIC provides a useful tool to determine the best spatial weighting matrix for generating 

spatial filters. Additionally, the ecology behind the choice of a specific weighting matrix is also 

an important criterion. For example, the best spatial weighting matrix for the seabird bycatch 

data used the GAB connectivity matrix. The GAB matrix connected individual locations into five 

clusters (Fig. 7), namely the northeast corner of my study region, the U.S. Atlantic coast from 

gulf of main to Florida, the Gulf of Mexico, the north central Atlantic and the southeast corner of 

our study region. I would hypothesize that locations within each of the clusters were highly 

connected due to its unique oceanographical features, and locations across different clusters were 

less connected due to great difference in oceanography between clusters. For example, the U.S. 

Atlantic coast covers large latitudinal range from subtropical to temperate, which results in great 

latitudinal variation in climate and weather-related physical processes (Atkinson and Menzel, 

1985). In contrast, the other four clusters cover either temperate (the northeast corner), 

subtropical (the Gulf of Mexico and the north central Atlantic) or tropical zone (the southeast 

corner), which provides a relatively less variable climate.  The northeast and southeast corners of 

my study region are away from the U.S. Atlantic coast towards open sea, which results in deeper 

waters, lower primary productivity and less dynamic surface current than the coast. The Gulf of 

Mexico is shallow waters largely surrounded by continent, and hosts the Gulf Stream that greatly 

influences the marine ecosystem in the gulf and south Atlantic bight (Weaver, 1955; Atkinson 

and Menzel, 1985).  

The spatial filters selected in the model may represent certain environmental factors that 

highly vary over space but were not included in the model. For example, spatial patterns of the 
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spatial filters in Figs. 2 and 3 showed a general trend that values along coast were different from 

those towards open sea. Distinct oceanographical and biological features near shore versus in 

open sea, such as water depth, ocean current and primary productivity, may contribute to the 

formation of these patterns. In general, there are deeper waters and lower primary productivity, 

and less variable ocean surface current when moving away from coast. 

In the spatial filtering method, the purpose of centering is to guarantee the extracted 

spatial filters to be mutually orthogonal and independent (Griffith, 2000). Tiefelsdorf & Griffith 

(2007) mentioned that different ways to center the spatial weighting matrix can link the 

eigenfuncion-based filtering approach to several parametric spatial autoregressive regression 

models. According to Tiefelsdorf & Griffith (2007), compared to centering on residuals, the Eq 

(5) that I used to center the spatial weighting matrix may give spatial filters that are correlated 

with explanatory variables. To reduce such a problem, I applied stepwise selection approach to 

select significant spatial filters into the model. Those spatial filters highly correlated with 

explanatory variables will not be selected due to its little contribution to model fitting. 

As applied in most ecological studies, I only focused on the spatial filters associated with 

positive eigenvalues for two reasons. First, the seabird bycatch in the POP data more likely 

showed positive correlation among locations rather than a negative one given that the 

semivariograms showed a decline in dependence as separation distance increased (Appendix A). 

Second, the large dataset led to a large number of spatial filters generated from a spatial 

weighting matrix (Appendix A); however, the few captures of seabirds limited the number of 

spatial filters that can be incorporated in the model, and thus I had decided to constrain our 

interest to those associated with positive eigenvalues. The spatial filters with negative 
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eigenvalues also contain information about spatial patterns, and are available to use when 

negative spatial correlation appears in data (Dray et al., 2006). 

Performance of the delta model is influenced by both sub-models; this feature may 

introduce great complexity in applying spatial filtering technique to zero-inflated data. Because 

the observed locations associated with positive catch data form a subset of all locations in the 

study area, there may be two ways to apply spatial filtering in the delta model. In the first 

method, I construct a spatial weighting matrix for the positive sub-model and the probability sub-

model separately. More detailed, I constructed one spatial weighting matrix using all locations 

and only used this matrix for the probability sub-model; another spatial weighting matrix can be 

constructed using those locations associated with positive data and then extrapolated to all the 

other locations in the whole study area, i.e., expand the spatial patterns built on the positive catch 

locations to the whole study area. In the second method, I constructed one spatial weighting 

matrix using all locations and applied this matrix to both sub-models by assuming spatial 

patterns in a sub-region integrates with those in the whole study area. Both methods may suffer 

the problem that the orthogonality among spatial filters is not guaranteed. In this study, as a 

pioneer trial, I applied the second method because it is easier to practice and interpret, and can 

avoid introducing more uncertainty that occurs in extrapolation in the first method. However, I 

would like to bring the following three questions to an open discussion, and I am hoping that 

better alternatives can be explored through such discussion. First of all, can spatial filters that 

describe spatial patterns in the whole area also represent spatial patterns in the sub-region? The 

spatial weighting matrix where spatial filters are extracted uses only the information on relative 

location. Intuitively, if spatial filters describe the spatial patterns over the whole study area, it 

should already cover the spatial patterns in the sub-region because the relative location of 
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observations within the sub-region will remain the same as in the whole area. Thus, I think that it 

is intuitively acceptable to define the spatial filters in the whole area and apply it to the sub-

region. Second, how important is it to keep spatial filters strictly orthogonal? In my opinion, 

orthogonality among spatial filters is one of the nice features inherent in the eigenfuncion-based 

spatial filtering technique because this feature meets the assumption in linear regression that all 

explanatory variables are independent. This assumption is to avoid the multicolinearity problem. 

However in reality, the assumption of independence among explanatory variables may be an 

exception rather than the rule. There are several methods to avoid the multicolinearity problem in 

linear regression, and one of them is to select the explanatory variables through a stepwise 

procedure as I applied in this study. In the stepwise selection procedure, those variables highly 

correlated with the ones that are already included in the model will not be selected anymore due 

to their redundant information. In my case of spatial filters, given the answer to the first question 

being positive, spatial filters are treated as explanatory variables and the stepwise selection 

procedure should work to avoid multicolinearity. Third, are there better alternatives to construct 

spatial filters for sub-region? The eigenfunction-based spatial filtering technique has been 

recently applied to ecological studies. To my best knowledge, the question of how to apply it to 

zero-inflated data still remains open. A simulation study may help address these questions in 

future studies. 

Regardless of how to construct the spatial weighting matrix for both sub-models, 

applying spatial filters to the delta model may suffer another problem when selecting the best 

spatial weighting matrix because the two sub-models may favor different matrices that represent 

different spatial patterns, which is also a drawback inherent in the delta model. To handle this 

problem in the present study, I practiced a two-step selection. In the first step, I selected those 
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spatial weighting matrices that were favored by each sub-model and consistently applied each 

matrix to both sub-models; in the second step, I determined the best one among all matrices that 

were selected in the first step through the five-fold cross-validation. Another alternative way to 

select the best spatial weighting matrix in the delta model could be based on the sum of AICs 

from the two sub-models, i.e., the best weighting matrix is the one with the lowest sum of two 

AICs. 

Other than using information on relative locations to generate spatial filters, I also 

included latitude and longitude as environmental factors in the probability sub-model. There are 

two reasons for this practice. First, latitude and longitude were selected by the model itself due to 

their significance in explaining the variation in the POP data. Furthermore, there may be 

information imbedded in these two variables that are related to other influential factors such as 

bait and ocean currents, which needs to be further explored. The spatial filters generated based 

on relative locations contributed to explaining part of the variation in the POP data that cannot be 

explained by those environmental factors. Second, I conducted the same analysis when excluding 

latitude and longitude in candidate models, and obtained the same conclusions but larger AIC 

values than the corresponding models with these two variables included (results are not 

presented here).  

In this study, I did not consider the spatial patterns in explanatory variables. 

Incorporation of these spatial patterns will provide a direction for future improvement of the 

current study. Centering the spatial weighting matrix in a different way, e.g., centering on model 

residuals (Tiefelsdorf and Griffith, 2007), may help achieve such an attempt. 

In summary, using the POP seabird bycatch data as an example, the delta model modified 

with the eigenfunction-based spatial filters showed superior performance over the model without 
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spatial dependence considered, or those alternatives with trend surface or with random areal 

effects. The eigenfuncion-based spatial filtering provides a flexible tool to incorporate spatial 

dependence in the existing modeling approaches that handle zero-inflated data for rare species. 

Although I only illustrated a modification of the delta model, such an application can also be 

extended to other modeling approaches such as the zero-inflated model. My conclusions may be 

limited by selection criterion, candidate models compared and data structure (especially the 

percentage of zero observations in the data). I am hoping to provide important insights in 

alternative ways of modeling spatial patterns in zero-inflated data for rare species. 
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Table 1 

List of explanatory variables that were analyzed. 

 

 

Variables Notations Type Categories/mean Details 

Area AREA Categorical 11 
See Fig. 1 for details about the 

11 fishing areas 

Season SEA Categorical 4 

Spring (Mar-May), Summer 

(Jun-Aug), Fall (Sep-Nov), 

Winter (Dec-Feb) 

Target species TAR Categorical 5 
Mixed, Swordfish, Tuna, Shark, 

Dolphinfish  

Latitude (102 km) LAT Continuous 35.32 Beginning of a set 

Longitude (102 km) LON Continuous 17.85 Beginning of a set 

Soak duration (h) SOAK Continuous 8.7 
Time period between time of 

setting and time of hauling 
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Table 2 

Candidate models for estimating seabirds bycatch. BL-the baseline model without spatial dependence considered; SF-the delta model 

modified with spatial filters from spatial weighting matrices (a total of three spatial weighting matrices were selected according to 

Table 3, one with MST connectivity matrix and weighting function F5 at m = 2, one with SVG connectivity matrix and weighting 

function F5 at m = 2, and one with GAB connectivity matrix and weighting function F5 at m = 0.5); TS-the trend-surface generalized 

additive model; RE-the random areal effect model. See Table 1 for the abbreviation of explanatory variables.  

Candidate 

models 

Positive sub-model ## Probability sub-model 

Model structure AIC ## Model structure AIC 

BL Intercept + SOAK 142.342 # Intercept + LAT + LON + SEA + TAR 793.551 

SF-MST Intercept + SOAK + 1 spatial filter 139.478 # Intercept + LAT + LON + SEA + TAR + 8 spatial filters 752.745 

SF-SVG Intercept + SOAK + 1 spatial filter 139.478 # Intercept + LAT + LON + SEA + TAR + 8 spatial filters 752.745 

SF-GAB Intercept + SOAK + 2 spatial filters 141.392 # Intercept + LAT + LON + SEA + TAR + 31 spatial filters 646.898 

TS Intercept + SOAK + f a(LAT) + f(LON) 152.623 # Intercept + f(LAT) + f(LON) + SEA + TAR 748.011 

RE Intercept + SOAK 142.342 ## Intercept + LAT + LON + SEA + TAR + hb 763.911 

a: The f(.) refers to a smooth function in the generalized additive model. 

b: The h refers to the areal random effect following a normal distribution with a zero mean. 
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Table 3 

Performace of the 108 spatial weighting matrices and the PCNM method for the POP data. Reported here are the results of the best 

two spatial weighting matrices from each type of the connectivity matrix, one favored by the positive sub-model (i.e., yielding the 

smallest AIC in the positive sub-model) and the other one favored by the probability sub-model (i.e., yielding the smallest AIC in the 

probability sub-model). The best spatial weighting matrics selected are bolded. The full list of results are shown in Appendix A. 

Ba Ab m # posc 

Positive sub-model   Probability sub-model Sub-model 

that favors 

this matrix 

# 

seld 
AIC 

Obs 

MCe 

BL 

MCf 

SF 

MCg 
  

# 

sel 
AIC 

Obs 

MC 

BL 

MC 

SF 

MC 
AUC 

MST F5 2 11909 1 139.478 0.141 0.158 0.118 
 

8 752.745 0.020 0.010 0.004 0.898 Positive 

 
F6 1 8948 1 141.650 -0.009 -0.006 -0.014 

 
2 737.139 0.012 0.004 -0.001 0.901 Probability 

SVG F5 2 11909 1 139.478 0.141 0.158 0.118 
 

8 752.745 0.020 0.010 0.004 0.898 Positive 

 
F3 1 10390 1 142.309 0.035 0.039 0.037 

 
2 741.521 0.008 0.003 ! 0 0.899 Probability 

DEL F2 0.5 7119 1 140.310 0.819 0.804 0.818 
 

38 659.871 0.175 0.170 0.109 0.963 Positive 

 
F5 0.5 7203 0 142.342 0.819 0.804 0.804 

 
40 655.171 0.180 0.175 0.104 0.962 Probability 

GAB F5 0.5 7702 2 141.392 0.793 0.780 0.767 
 

31 646.898 0.244 0.237 0.132 0.940 Both 

REL F3 0.5 8466 2 140.020 0.792 0.787 0.781 
 

10 768.321 0.312 0.304 0.279 0.880 Positive 
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a: The B refers to the connectivity matrix. 

b: The A refers to the spatial weighting function matrix. 

c: the number of positive spatial filters generated from a spatial weighting matrix. 

d:  the number of spatial filters selected into the sub-model. 

e:  the Moran’s I coefficient of the observations. 

f:  the Moran’s I coefficient of the response residuals for the baseline model without spatial dependence considered. 

g:  the Moran’s I coefficient of the response residuals for the model modified with spatial filters. 

 

 

 
F4 3 8252 1 141.488 0.774 0.768 0.764 

 
11 763.585 0.292 0.283 0.258 0.883 Probability 

PCNM  -  - 2271 0 142.342 -0.015 -0.014 -0.014   3 748.497 0.010 0.002 ! 0 0.894 - 
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Table 4 

Mean absolute error (MAE) through five-fold cross-validation for the POP data. See Table 2 for the explanation of candidate models. 

 

 

Model 
Training 

 
Test 

1 2 3 4 5 Average 
 

1 2 3 4 5 Average 

BL 0.0181 0.0200 0.0187 0.0197 0.0189 0.0191 
 

0.0205 0.0171 0.0198 0.0188 0.0194 0.0191 

SF-MST 0.0182 0.0198 0.0190 0.0196 0.0188 0.0191 
 

0.0206 0.0170 0.0203 0.0185 0.0196 0.0192 

SF-SVG 0.0182 0.0198 0.0190 0.0196 0.0188 0.0191 
 

0.0206 0.0170 0.0203 0.0185 0.0196 0.0192 

SF-GAB 0.0161 0.0181 0.0178 0.0174 0.0168 0.0172 
 

0.0187 0.0167 0.0207 0.0208 0.0191 0.0192 

TS 0.0184 0.0199 0.0188 0.0197 0.0187 0.0191 
 

0.0208 0.0170 0.0200 0.0187 0.0193 0.0192 

RE 0.0179 0.0198 0.0186 0.0195 0.0187 0.0189 
 

0.0203 0.0169 0.0197 0.0187 0.0194 0.0190 
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Table 5 

Mean bias through five-fold cross-validation for the POP data. See Table 2 for the explanation of candidate models. 

 

 

Model 
Training 

 
Test 

1 2 3 4 5 Average 
 

1 2 3 4 5 Average 

BL -0.0024 -0.0024 -0.0023 -0.0021 -0.0025 -0.0023 
 

-0.0048 -0.0005 -0.0032 -0.0011 -0.0020 -0.0023 

SF-MST -0.0021 -0.0023 -0.0019 -0.0019 -0.0023 -0.0021 
 

-0.0044 -0.0006 -0.0024 -0.0014 -0.0017 -0.0021 

SF-SVG -0.0021 -0.0023 -0.0019 -0.0019 -0.0023 -0.0021 
 

-0.0044 -0.0006 -0.0024 -0.0014 -0.0017 -0.0021 

SF-GAB -0.0021 -0.0009 -0.0007 -0.0011 -0.0013 -0.0012 
 

-0.0037 0.0000 -0.0004 0.0012 -0.0017 -0.0009 

TS -0.0018 -0.0023 -0.0021 -0.0019 -0.0025 -0.0021 
 

-0.0043 -0.0004 -0.0028 -0.0011 -0.0018 -0.0021 

RE -0.0024 -0.0024 -0.0023 -0.0021 -0.0026 -0.0024 
 

-0.0049 -0.0006 -0.0032 -0.0012 -0.0018 -0.0023 
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Figure 1. Spatial distribution of the observed longline sets and those with seabirds caught. 1-

Northeast district, 2-North Central Atlantic, 3-Tuna North, 4-Tuna South, 5-Northeast coast, 6-

Sargasso region, 7-Caribbean region, 8-Middle Atlantic bight, 9-South Atlantic bight, 10-Florida 

east coast, 11-Gulf of Mexico. 
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Figure 2.  Spatial patterns described by the two eigenvectors in SF-GAB model for estimating 

the positive catch of seabirds, i.e., (a) the one associated with the 11th largest eigenvalue, (b) the 

one associated with the 17th largest eigenvalue, and (c) the linear combination of these two 

eigenvectors. Colors are based on the values of the eigenvector, for example, darker colors for 

larger values and lighter colors for smaller values. See Table 2 for the explanation of SF-GAB 

model. 
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Figure 3. Spatial patterns described by the eigenvectors in SF-GAB model for estimating the 

probability of catching seabirds. Here are shown two eigenvectors as examples, (a) the one 

associated with the second largest eigenvalue describing broader-scale spatial variation, (b) the 

one associated with the 498th largest eigenvalue describing finer-scale spatial variation, and (c) 

the linear combination of the 31 eigenvectors in SF-GAB model. Colors are based on the values 

of the eigenvector, for example, darker colors for larger values and lighter colors for smaller 

values. See Table 2 for the explanation of SF-GAB model. 
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Figure 4. Spatial patterns of the positive catch of seabirds (in number) estimated by candidate 

models, i.e., (a) BL, (b) SF-GAB, and (c) TS. The estimates were medians from 100 iterations of 

bootstrapping. See Table 2 for the explanation of candidate models. 
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Figure 5. Spatial patterns of the probability of catching seabirds estimated by candidate models, 

i.e., (a) BL, (b) SF-GAB, (c) TS and (d) RE. The estimates were medians from 100 iterations of 

bootstrapping. See Table 2 for the explanation of candidate models. 
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Figure 6. Spatial patterns of the seabird bycatch (in number) estimated by candidate models, i.e., 

(a) BL, (b) SF-GAB, (c) TS and (d) RE. The estimates were medians from 100 iterations of 

bootstrapping. See Table 2 for the explanation of candidate models. 
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Figure 7. Connectivity matrix based on the Gabriel graph (GAB) that was used in the best spatial 

weighting matrix for seabird bycatch data. 
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Chapter 3 

Exploring Spatial Nonstationarity Using Geographically Weighted Generalized 

Linear Model: An Example of Longline Seabird Bycatch 

 

3.1 Abstract 

Spatial nonstationarity describes the spatially varying relationships between biological 

and environmental processes. Geographically weighted regression (GWR) is a relatively new 

technique to explore spatial nonstationarity in ecological data, which allows parameters to vary 

across the study region. In the present study, I extended GWR to a geographically weighted 

generalized linear model (GW-GLM) by incorporating other statistical distributions in 

exponential family besides normal distribution. I demonstrated the application of GW-GLM with 

an empirical example of longline seabird bycatch. Due to high percentage of zero observations in 

the seabird bycatch data, I analyzed the positive catch rates and the probability of catching a 

seabird separately. I developed a GW-GLM with an assumption of normal distribution and 

identity link for analyzing the logarithm of searbird catch rates, which is equivalent to a GWR. I 

developed a GW-GLM with an assumption of binomial distribution and logit link for estimating 

the probability of catching a seabird. Estimates of parameters exhibited great spatial variation. I 

compared model performance of GW-GLM with a global generalized linear model (GLM) and a 

spatial expansion (SE) model that is an early technique to explore spatial nonstationarity by 

modeling each of the parameters with a function of locations. The GW-GLM performed the best. 

I conducted a permutation test for spatial nonstationarity. Target catch rate showed significant 

spatial variation when analyzing positive catch rates (p-value = 0.01). Relationships between the 
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probability of catching a seabird and environmental factors including intercept (p-value = 0.01), 

water depth (p-value << 0.0001) and water temperature (p-value = 0.01) varied significantly 

across the study region. 

Keywords: Geographically weighted regression; geographically weighted generalized linear 

model; spatial expansion; spatial nonstationarity; spatial variation 

 

3.2 Introduction 

Understanding key relationships between biological processes and environmental factors 

is important in natural resources management and conservation, e.g., catch rate standardization 

using relationships between catch rate and environmental factors to estimate annual patterns of 

catch rate for fish stock assessment in fisheries (e.g., Stefansson, 1996; Maunder and Punt, 2004; 

Damalas et al., 2007); bycatch assessment using these relationships to predict hotspots for 

occurrence of a bycatch event (e.g., Murray, 2004; Li et al., 2011; Winter et al., 2011). A 

“global” model is commonly applied to examine the relationships between biological processes 

and environmental factors, which assumes these relationships to be stationary over the entire 

study area, i.e., constant and independent of location and direction. Given the dynamic spatial 

interactions between biological and environmental factors in natural ecosystems, the assumption 

of spatial stationarity may be too ideal to be realistic. Instead, spatial nonstationarity, by its 

narrow definition, describes the variation in relationships between biological and environmental 

factors over space (Brunsdon et al., 1996), and is more appropriate to capture the spatial 

distribution of species based on environmental factors. 

One of the early techniques to explore spatial nonstationarity is the spatial expansion 

(SE) model (Casetti, 1972; Casetti and Jones III, 1992). In the SE model, each of the parameters 
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is itself a function of location. The nature of the function must be predetermined (e.g., linear or 

polynomial) based on prior knowledge. However, model results may be sensitive to the 

specification of expansion function (Charlton et al., 2009). Additionally, for the polynomial 

expansion function, computation and interpretation may become difficult when higher order 

polynomials are used, especially in the case of limited data. 

A relatively new technique to address spatial nonstationarity in ecological data is the 

geographically weighted regression (GWR, Brunsdon et al., 1996; Fotheringham et al., 1998). In 

GWR, the neighboring observations are weighted based on the strength of the spatial dependence 

and thus drive parameters to vary across the study area. The GWR has several advantages in 

exploration of spatial nonstationarity. First, similar to other alternatives, GWR yields a set of 

estimates for each of the parameters that vary over space. The set of estimates can be mapped 

over the entire study area, which provides a visualization of the spatially varying relationships 

between biological and environmental variables. Second, GWR extends the traditional regression 

approach with spatially varying parameters. It can be fitted using the weighted least square 

(WLS) method, which is easier to operate compared to other alternative estimators such as the 

maximum likelihood method. Third, in GWR, spatial relationships among observations can be 

investigated by testing different spatial weighting matrices that combine information on neighbor 

structure and spatial dependence. However, GWR, by its original formulation (Brunsdon et al., 

1996; Fotheringham et al., 1998), is limited to the normal assumption. In this study, I extended 

GWR to the geographically weighted generalized linear model (GW-GLM) by applying other 

distributions from the exponential family (i.e., the binomial and Poisson distributions) besides 

the normal distribution. The GW-GLM can be fitted using the iteratively reweighted least square 

method (IRLS, McCullagh and Nelder, 1989). The GW-GLM is also an extension of global 
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generalized linear model (GLM) by applying spatial weights in the IRLS procedure to consider 

spatial locations in parameter estimation. The GWR is a special case of GW-GLM in which a 

normal distribution and an identity link function are applied, and spatial weights are directly 

applied to observations. 

In this study, I demonstrated the application of GW-GLM using an empirical example of 

longline seabird bycatch. The incidental mortality of seabirds (termed “bycatch”) in longline 

fisheries has raised a global concern among marine conservationists because it has threatened 

several albatross species (Diomedeidae) and other species in the order of Procellariiformes  

(Brothers et al., 1999a; Tasker et al., 2000; Belda and Sanchez, 2001; Furness, 2003). 

Occurrence of seabird bycatch has been related to environmental variables such as wind speed 

(Klaer and Polacheck, 1998; Brothers et al., 1999b). Given the highly mobile nature of seabirds 

and the large heterogeneous habitat covered by longline fishing, occurrence of seabird bycatch is 

likely to be spatially nonstationary. Therefore, conservation and management of seabird bycatch 

will benefit from a more complete understanding of the relationships (e.g., the spatial 

nonstationarity) between population dynamics and environmental factors. 

The purpose of this study was to extend the geographically weighted regression (GWR) 

model to the geographically weighted generalized linear model (GW-GLM) and to demonstrate 

the application of GW-GLM to explore spatial nonstationarity through an empirical example of 

longline seabird bycatch. I addressed two major questions in the study of spatial nonstationarity. 

First, is GW-GLM better than the global GLM and the spatial expansion (SE) model? Second, 

are relationships between biological processes and environmental factors in GW-GLM 

significantly nonstationary? 
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3.3 Methods 

Geographically weighted generalized linear model (GW-GLM) 

The GW-GLM model is an extension of the global generalized linear model (GLM) by 

considering locations in parameter estimation and thus allowing parameters to vary locally rather 

than being constant over space. A global GLM takes the form: 

   g E yi[ ]( ) = !0 + !k xik
k=1

p

! ,                                            (1) 

where i = 1, 2,…, n denotes the ith location, y is the observation, E[y] is the expectation of y, !0 

is the intercept, !k is parameter for the kth explanatory variable xk and k = 1, 2,…, p, and g(.) is 

the link function that describes relationship between E[y] and explanatory variables. With the 

iterative reweighted least squares (IRLS) method, the parameters in the global GLM can be 

estimated through an iterative algorithm in which the weighted least squares method (WLS) is 

applied to the adjusted response variable Z = [z1, z2,..., zn]T at each iteration step (McCullagh and 

Nelder, 1989): 

    !̂ new = XTW oldX( )
!1
XTW oldZ ,                                            (2) 

where T denotes the transpose of a matrix, !̂ new = !̂0
new,!!̂1

new,!...,!!̂p
new!

"
#
$

T is a vector of estimated 

parameters that are updated at each iteration step, X is the design matrix defined as: 

.                                 (3) 

The adjusted response variable zi is definded as: 

X =

1 x11 x12 ! x1p
1 x21 x22 ! x2 p
" " " # "
1 xn1 xn2 ! xnp

!

"

#
#
#
#
#
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    zi = xi
T !̂ old + yi !E yi[ ]( ) G ' xiT !̂ old( )( )

!1
,                   (4) 

where G(.) is the inverse function of g(.) and G’(.) denotes the first derivative of function G(.) 

with respect to parameters !. The n n weighting matrix W  = [wi] can be written as: 

     W =

w1 0 0 ! 0
0 w2 0 ! 0
0 0 w3 ! 0
" " " # "
0 0 0 ! wn

!

"

#
#
#
#
#
#
#

$

%

&
&
&
&
&
&
&

,   (5) 

and wi is updated accordingly at eatch iteration step: 

    wi
new =

G ' xi
T !̂ new( )

2

V E yi[ ]( )
,     (6) 

where V(.) is the score function that is defined as the first derivative of the log-likelihood with 

respect to parameters !. The whole algorithm progresses until parameter estimates converge. In 

the global GLM, a unity weight is assigned to each observation as the prior weights. By 

controlling prior weights, parameter estimation can be adjusted. The linear regression is a special 

case of GLM in which G’(.)! 1 and E[yi]=xi
T!, and thus prior weights can be applied directly on 

observations and no iteration is necessary. 

As an extension of the global GLM with locally varying parameters, the geographically 

weighted generalized linear model (GW-GLM) can be written as: 

   g E yi[ ]( ) = !0 ui,!vi( )+ !k ui,!vi( ) xik
k=1

p

! ,                        (7) 

where (ui, vi) denotes the coordinates of the ith location (longitude, latitude), and !0 (ui, vi) and !k 

(ui, vi) are parameters for the ith location. Same as most of the spatial analyses, GW-GLM 

!
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implicitly assumes that observations nearer to location i have more influence on the parameter 

estimation for this location than observations farther away from i (Cressie, 1993; Fotheringham 

et al., 1998). Thus, in a GW-GLM, parameters for the ith location are estimated using its 

neighboring observations through the IRLS method as described above except that prior weights 

are assigned to its neighboring observations according to their influence on the ith location. I 

denote the prior weight for the jth neighboring observation according to its influence on location 

i by wij and j = 1, 2,…, n.  

Same as the geographically weighted regression (GWR), in GW-GLM, the prior weight 

wij is assumed to be a function of distance between locations i and j ( dij ) and the weight 

decreases as the distance increases. This weighting function can take various forms (Brunsdon et 

al., 1996; Fotheringham et al., 1998). In this study, I applied the Gaussian weighting function 

that has been widely used in spatial analysis due to its continuity: 

wij = exp !
dij
2

2h2
"

#
$$

%

&
'' ,                                                     (8) 

where the pamameter h has great impact on model outcomes, i.e., smaller h leads to highly 

localized parameter estimates while larger h drives parameter estimates towards those from the 

global model (Brunsdon et al., 1996; Fotheringham et al., 1998). The optimal value of h can be 

determined by optimizing the selection criterion, e.g., minimizing the leave-one-out sum of 

squares (also termed the cross-validation score, Brunsdon et al., 1996; Fotheringham et al., 

1998), or minimizing the Akaike Informaiton Criterion (AIC, Akaike, 1974; Fotheringham et al., 

2002). The cross-validation score may not be the best choice for certain types of data such as the 

binary data that take values of either zero or one. The AIC works well for GW-GLM with an 

assumption of normal distribution and an identity link (i.e., GWR), but determination of the 
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effective number of parameters may be problematic for GW-GLM with other distributions. In the 

seabird bycatch example, to determine the optimal value of h, I minimized the AIC for the 

normal data (positive catch rates of seabird) and maximized the area under the receiver operating 

characteristic (ROC) curve (AUC) for the binary data (capture or no capture of a seabird). The 

ROC curve plots the true positive rate Pr(ŷ =1| y =1)  against the false positive rate 

Pr(ŷ =1| y = 0) , and has long been used to evaluate the prediction accuracy of a classification 

algorithm (Bradley, 1997). Here modeling the binary data can be treated as a classification 

algorithm and a larger AUC value suggests higher discrimination accuracy of the model. In the 

determination of h, a very small value of h will drive the weights of all neighboring observations 

to be negligible except for ith location itself, which suggests that the fitted value for ith location 

will tend to be the observed value (Brunsdon et al., 1996; Fotheringham et al., 1998) and an 

AUC value close to one will be yielded. Thus, in the calculation of AUC, I estimated the 

probability for ith location using data excluding the observation at ith location (i.e., leave one 

out) to avoid this problem. 

A permutation test was conducted to test for the significance of spatial nonstationarity 

(Brunsdon et al., 1996; Fotheringham et al., 1998). Under the null hypothesis of constant 

parameters over space, any permutaion of (ui, vi) pairs amongst the geographical sampling points 

i are equally likely to occur. Same as in GWR, in GW-GLM, there are n estimates for each of the 

parameters. The testing statistic is given by an estimate of variability in these n parameter 

estimates, i.e, its standard deviation. 

 

Spatial expansion (SE) model 
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The original spatial expansion (SE) model is also an extension of the traditional 

regression model (Casetti, 1972; Casetti and Jones III, 1992). The SE model expands parameters 

to be a function of locations (ui, vi) so that parameter estimates vary over space and the spatial 

nonstationarity is explored. In this study, I employed a first order linear polynomial function as 

the expansion function due to limited data in the seabird bycatch example: 

    (9)
 

where (a0, a1, a2) and (bk0, bk1, bk2) are parameters in the expansion function to determine !0 and 

!k for the ith location, respectively. Applying the spatial expansion technique to the global GLM 

and modifying the global model with such a linear expansion function, the SE model can be 

written as: 

   g E yi( )( ) = a0 + a1ui + a2vi + b0k + b1kui + b2kvi( ) xik
k=1

p

! ,  (10) 

The SE model can also be easily fitted using the IRLS method with unity prior weights. 

 

Model comparison 

In this study, I compared the performance of GW-GLM with the global model and SE 

model. Again in the seabird bycatch example, I used the AIC and AUC as criterion for normal 

data and binary data respectively. The model providing a lower AIC value or a higher AUC 

value would be judged to have better performance. 

 

Examples of longline seabird bycatch 

!0 ui,!vi( ) = a0 + a1ui + a2vi,
!k ui,!vi( ) = b0k + b1kui + b2kvi,
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In this study, I demonstrated the application of GW-GLM model to investigate spatial 

nonstationarity through an empirical example of longline seabird bycatch. The seabird bycatch 

data were provided by the National Marine Fisheries Service Southeast Fisheries Science Center 

Pelagic Observer Program (POP). The POP program was initiated for monitoring the United 

States Atlantic pelagic longline fishery. In the POP program, randomly selected fishing trips are 

attended by an observer, and the detailed information on gear specification, fishing effort, fishing 

tactics, target catch, bycatch and environmental conditions is recorded. The environmental 

variables that I analyzed included water depth (fathom), water temperature (Fahrenheit), target 

species catch rate (number per 1000 hooks), wind speed (knot), wind direction (degree) and 

wave height (feet). The POP data covered 11 fishing areas (Lee and Brown, 1998), and I 

constrained our analysis within the three areas with highest seabird bycatch, i.e., northeast coast, 

middle Atlantic bight and south Atlantic bight (Fig. 1). I analyzed 3,751 longline sets of the POP 

data during 1992 to 2012, of which only 58 sets caught 120 seabirds; therefore, approximately 

98.5% zero observations occurred. I projected the geographic coordinates in the data (i.e., degree 

north and degree west) to the Universal Transverse Mercator (UTM) system zone 17 based on 

the NAD83 geodetic datum. 

Due to the high percentage of zero observations in the POP data, I analyzed the positive 

catch rate (number per 1000 hooks) and the probability of capturing a seabird (p) separately, 

which is the same idea as the delta model or hurdle model that handles data with excess zeros 

(Aitchison, 1955; Lo et al., 1992; Fletcher et al., 2005). To model the probability of catching a 

seabird, I converted the original data into binary data, i.e., zero or one in which the value of zero 

represented the event of no seabird captured and the value of one represented the event of at least 

one seabird captured from a longline set. The global GLM for positive catch rate assumed 
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logarithm of the catch rate to follow a normal distribution with an identity link, which is 

equivalent to a GWR model: 

ln(seabird catch rate) = intercept + water depth + water temperature + target species catch rate + 

wind speed + wind direction + wave height, 

The global GLM for the probability of catching a seabird assumed catch event to follow a 

binomial distribution with a logit link: 

ln p
1! p
"

#
$

%

&
'  = intercept + water depth + water temperature + target species catch rate + wind speed 

+ wind direction + wave height. 

To determine the value of h and to compare candidate models, I applied the AIC for the positive 

catch rate models and the leave-one-out AUC for the probability models. With the AIC criterion, 

I determined h = 7.24 (100 km) for the positive catch rate GW-GLM (AIC = 120.71), and with 

the AUC criterion, I determined h = 1.01 (100 km) for the probability GW-GLM (leave-one-out 

AUC = 0.693). This study was programed using R package ‘spgwr’. 

 

3.4 Results 

Parameter estimates from the three candidate models are summarized in Tables 1 and 2, 

and the spatially varying parameter estimates from GW-GLM and the SE model are mapped in 

Figs. 2-5. These spatial patterns of parameters appeared to characterize the three fishing zones 

defined in the U.S. Atlantic pelagic longline fishery (Fig. 1). Estimates of parameters in the 

positive catch rate model showed great spatial variation (Figs. 2 and 3). Derived from both GW-

GLM and the SE model, estimates of intercept and wave height were positive and appeared to 

become higher from north towards south of the study region. Estimates of target catch rate were 
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mostly negative and became more negative towards the north. In GW-GLM, estimates of water 

depth, water temperature and wind direction were all negative and exhibited a trend of higher 

values in terms of magnitude running from north towards south except for water depth which had 

a saddle in the middle (Fig. 2). In the SE model, estimates of water depth, water temperature and 

wind direction were mostly negative, with values being more negative from the middle of the 

study region spreading towards north and south (Fig. 3).  Maps of wind speed derived from the 

GW-GLM and SE model both exhibited a trend of becoming more positive towards north but 

different in estimated values (Figs. 2 and 3). Estimates of wind speed from GW-GLM were 

dominated by negative values while those from the SE model were mostly positive. Overall, 

estimates from the SE model were higher in magnitude than those from GW-GLM when 

analyzing positive catch rates. 

Estimates of parameters in the probability model also varied across the study area (Figs. 4 

and 5). Estimates of intercept from both GW-GLM and the SE model were more positive in the 

middle and the south-most tip, and became more negative towards north and south. Estimates of 

target catch rate and wind direction from both models tended to become more positive towards 

north of the study region. Estimates of water depth and wind speed from the SE model showed a 

reverse trend of being more positive towards south (Fig. 5). Compared to the SE model, GW-

GLM produced quite different maps for water depth and wind speed (Fig. 4). Estimates of water 

depth from GW-GLM had positive values concentrated in the middle and became more negative 

towards north and south. Estimates of wind speed from GW-GLM depicted a complicated trend 

in which more negative values were found in the middle, north-most and south-most tips, and 

more positive values lied in between. Estimates of water temperature and wave height from both 

GW-GLM and the SE model were dominated by positive values, and became larger in the north 
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and south and smaller in the middle, suggesting that the probability of catching a seabird was 

less sensitive to water temperature and wave height in the middle of study region. Overall, maps 

of parameter estimates derived from GW-GLM showed greater details than those from SE 

model. By contrast to the estimates in the positive catch rate model, estimates from SE model 

had a smaller magnitude than those from GW-GLM when estimating the probability of catching 

a seabird. 

When analyzing positive catch rates, only target catch rate exhibited significant spatial 

variation (p-value = 0.01) at a significance level of 0.05 (Table 1). Relationships between the 

probability of catching a seabird and environmental factors including intercept (p-value = 0.01), 

water depth (p-value << 0.0001) and water temperature (p-value = 0.01) varied significantly 

across the study region (Table 2).  

Among the three candidate models (Tables 1 and 2), GW-GLM performed the best when 

analyzing positive catch rates and when estimating the probability of catching a seabird, 

producing the smallest AIC value (120.71) and the highest AUC value (0.84) respectively. For 

analyzing positive catch rates, the global model outperformed the SE model with an AIC value 

5.5% lower than the one in the SE model. However, for the probability of catching a seabird, the 

SE model showed better performance than the global model, yielding an AUC value 6% higher 

than the one in global model. 

 

3.5 Discussion 

The geographically weighted approach (e.g, GWR and GW-GLM) is a flexible tool to 

explore spatial nonstationarity. The spatial weighting matrix contains all information about 

spatial distribution of observations, and the weighting matrix can take various forms by assuming 
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different neighbor structure and distance-decay functions. Whatever a specific weighting matrix 

is employed, the essential idea of the geographically weighted approach is that for a location i, 

the observations closer to i have more influence on the estimation of parameters at location i than 

those observations farther away (Fotheringham et al., 1998). By controlling the weighting 

matrix, several other techniques can be generalized into the geographically weighted approach. 

For example, a weighting matrix with a weight of unity for all locations results in a global 

model, and a weighting matrix that assigns a weight of unity if locations i and j lie within a 

square and zero otherwise leads to the moving window method (Brunsdon et al., 1996; 

Fotheringham et al., 1997).  

Besides the SE model, there are other techniques to explore spatial nonstationarity in the 

early development of the methodology. For example, the spatially adaptive filtering (Foster and 

Gorr, 1986) iteratively adjusts parameters based on neighboring observations. The random 

coefficient model (Rao, 1965; Swamy, 1971) and the multilevel modeling approach (Goldstein, 

1987) allows parameters to randomly vary across the study area. The random coefficient model 

assumes parameters to follow a certain statistical distribution. The multilevel modeling approach 

uses hierarchies to represent variations between spatial regions and combines models for 

individual regions within an overall model. In this study, I decided to use the SE model as one of 

the candidate models for comparison because the SE model can be easily fitted using the same 

fitting method as GW-GLM and global GLM, i.e., the Iterative Reweighted Least Squares 

(IRLS), which may reduce the bias in comparison due to different fitting methods. 

Although various discrete weighting functions are also available, they should be used 

with great caution. First, discrete functions may cause a sudden change in parameter estimates, 

which may barely occur given the interactions among neighboring locations. Second, with 
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discrete weighting functions, localized parameter estimates may become sensitive to the 

observations at the cutting edge, i.e., parameter estimates may change dramatically when one 

observation is determined to include as a neighbor or not (Brunsdon et al., 1996). Third, use of 

discrete weighting functions may introduce the edge effect in which localized parameter 

estimates near edges suffer large variance when too few observations are determined to be 

neighbors (Brunsdon et al., 1996). 

In this study, I did not include categorical variables as environmental factors when 

exploring spatial nonstationarity. Same as in GWR, categorical variables could be redundant 

locally when categories are spatially clustered or some categories are missing in some areas. 

Zhang et al. (2011) suggested to avoid using categorical variables that have values spatially 

clustered or to combine and reduce the number of categories, or to combine with other variables. 

Additionally, interpretation and mapping of the localized estimates of a categorical variable is 

also problematic. 

Results showed that GW-GLM and the SE model produced parameter estimates that were 

quite different in magnitude. For example, when analyzing positive catch rates, estimates of 

intercept from GW-GLM doubled those from the SE model. Fortheringham et al. (1998) also 

revealed that GWR produced different parameter estimates in terms of magnitude from the 

expansion method, and even with the expansion method, the parameter estimates were different 

between linear expansion and quadratic expansion. Presumably, these differences in parameter 

estimates between candidate models is caused by the different ways of modeling spatial 

nonstationarity with different complexities. This finding highlights the importance of 

determining appropriate models to explore spatial nonstationarity, and the determination of such 
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models may depend on dataset, selection criterion, and the number of candidate models for 

comparison. 

The parameter h has a great impact on model outcomes. Smaller values of h result in 

highly localized parameter estimates and larger values of h drives model towards the global 

model (Brunsdon et al., 1996; Fotheringham et al., 1998). However, I found that determination 

of h is highly sensitive to the selection criterion. For example, when analyzing the positive catch 

rates, I determined h = 7.24 according to the AIC value in this study while a value of 5.17 would 

be determined if the cross-validation sum of squares (Brunsdon et al., 1996) is used as the 

selection criterion. In this study, I determined h = 1.01 for the probability model based on the 

leave-one-out AUC value while the cross-validation sum of squares will give a value of 7.06. 

Thus, determination of the parameter h needs to be done with caution and the ecology of the 

studied species would be very helpful in this case. 

In the positive catch rate model, only one parameter (i.e., target catch rate) showed 

significant spatial variation (p-value = 0.01, Table 1). The few positive observations in the 

seabird data may have limited the detection of spatial nonstationarity in positive catch rates. 

Spatial patterns in the biological-environmental relationships shown in Figs. 2-5 appear 

to characterize fishing zones defined by the U.S. Atlantic pelagic longline fishery (Fig. 1), i.e., 

the three fishing zones in our study region (northeast coast, middle Atlantic bight and south 

Atlantic bight). The distinct oceanographical features in these three regions may have shaped the 

spatial patterns in biological-environmental relationships. For example, the south Atlantic bight 

is a wide and shallow shelf geomorphologically isolated from Middle Atlantic bight by Cape 

Hatteras and the Gulf Stream (Stefansson et al., 1971; Atkinson and Menzel, 1985). It has a 

water depth of 50m at shelf break, which is one third of the water depth at the middle Atlantic 
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Bight (Emery and Uchupi, 1972). It covers large latitudinal range from subtropical to temperate, 

which results in great latitudinal variation in climate and weather-related physical processes. Its 

physics, chemistry and biology are greatly influenced by the Gulf Stream (Atkinson and Menzel, 

1985). Stream flow per length of coastline in middle Atlantic bight was estimated to be two 

times that in south Atlantic bight and northeast coast (Bumpus, 1973). Flow on continental shelf 

at northeast coast is tide-dominated year round whereas wind stress or buoyant outflow, 

depending on time of year, is the major force driving continental shelf flow at middle and south 

Atlantic bights (Epifanio and Garvine, 2001). This result suggests that longline fisheries 

management has a distinct biological-environmental relationship within each fishing zone, and 

these spatially varying relationships need to be taken into account when developing seabird 

bycatch reduction strategies. It seems that the current fishing zones defined for the U.S Atlantic 

longline fishery may also appropriately serve as management zones for seabird bycatch reduction 

because they match the zones identifying distinct relationships between seabird-bycatch and 

environmental factors. 

In this study, I analyze the positive catch rates and the probability of catching a seabird in 

two separate models due to the high percentage of zero observations. This approach is the same 

as the delta model/hurdle model except that in the delta model, final estimates of the response 

variable are the product of the estimates from these two sub-models (Aitchison, 1955; Lo et al., 

1992; Fletcher et al., 2005). To extend the application of GW-GLM to the two-step delta model, 

at least two questions need to be addressed. The first question is how to extrapolate the localized 

parameter estimates derived from the positive data to the entire study region. This extrapolation 

can be easily achieved by the SE model because each parameter is a function of locations. The 

second question is how to determine the parameter h for the entire delta model. In this study, I 
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determined values of h for the positive catch rate model and the probability model separately. 

However, in the delta model, a value of h to balance the selection criteria in both sub-models 

simultaneously is needed. One possible way may be to maximize the sum of log-likelihoods of 

both sub-models.  

The current study can be extended in several ways. First, I did not test the sensitivity of 

parameter estimation to the choice of weighting matrix, which is necessary to fully understand 

the geographically weighted approach. Second, the weighting function can also vary over space 

(Brunsdon et al., 1996), which suggests a direction for future exploration of the methodology. 

Third, for a given weighting function, e.g., the Gaussian weighting function that I used in this 

study, I applied a global estimate of the parameter h, which assumed the values of h is constant 

over space. However, it is very likely that h also shows spatial variation. Thus, localized h 

estimates is worthwhile to explore (Brunsdon et al., 1996; Fotheringham et al., 1998). Forth, in 

this study, I fixed the set of environmental variables over space, but the set may also vary over 

space, i.e., one environmental variable may be important at one location but not at another 

location (Brunsdon et al., 1996). Localized sets of environmental variables may provide another 

direction for future exploration of the geographically weighted approach.  

In conclusion, the geographically weighted approach is a flexible tool to explore spatial 

nonstationarity in ecological data. As an extension of the traditional generalized linear model 

(GLM), the geographically weighted generalized linear model (GW-GLM) allows parameter 

estimates to vary over space by assigning prior weights to observations during model fitting 

procedure. In the meanwhile, as an extension of the geographically weighted regression (GWR), 

GW-GLM models data with other statistical distributions in the exponential family beside 

normal distribution such as the binomial distribution in our seabird bycach example. With the 
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empirical example of longline seabird bycatch, I demonstrated the application of GW-GLM, and 

revealed great spatial variations in the relationships between seabird bycatch process and 

environmental factors. Compared with the global GLM and the spatial expansion (SE) method, 

GW-GLM performed the best in terms of goodness-of-fit and prediction.  
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Table 1 

Results of the models for analyzing positive catch rate data. Three candidate models include the global generalized linear model 

(GLM), the spatial expansion model (SE) and the geographically weighted generalized linear model (GW-GLM). u and v index the 

parameters expanding along longitude and latitude in the SE model respectively. 

Parameter 
Global 

GLM 
SE GW-GLM 

p-value for 

nonstationarity test 

Intercept 1.9624 31.55 1.938 (1.7179, 2.4962) 0.34 

Intercept (u) 
 

0.8099 
  

Intercept (v) 
 

-0.9169 
  

Water depth -2.10! 10-4 -0.0038 -2.17! 10-4 (-2.23! 10-4, 2.16! 10-4) 0.99 

Water depth (u) 
 

-0.0001 
  

Water depth (v) 
 

0.0001 
  

Water temperature -0.0102 -0.4245 -0.0092 (-0.0162, -0.0061) 0.32 

Water temperature (u) 
 

-0.0101 
  

Water temperature (v) 
 

0.0126 
  

Target catch rate -0.0029 0.0963 -0.0042 (-0.0075, -0.0019) 0.01 
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Target catch rate (u) 
 

3.67! 10-4 
  

Target catch rate (v) 
 

-0.0028 
  

Wind speed -0.0055 0.1143 -0.0081 (-0.0142, -0.0013) 0.52 

Wind speed (u) 
 

0.0095 
  

Wind speed (v) 
 

-0.0057 
  

Wind direction -0.0020 -0.0298 -0.0019 (-0.0027, -0.0015) 0.12 

Wind direction (u) 
 

-4.36! 10-4 
  

Wind direction (v) 
 

7.88! 10-4 
  

Wave height 0.0617 1.6720 0.0689 (0.0454, 0.0873) 0.38 

Wave height (u) 
 

0.0278 
  

Wave height (v) 
 

-0.0470 
  

AIC 133.2 141 120.71   
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Table 2 

Results of the models for estimating the probability of catching a seabird. See the caption of Table 1 for explanation of candidate 

models. 

Parameter 
Global 

GLM 
SE GW-GLM 

p-value for 

nonstationarity test 

Intercept 0.8305 -24.89 0.4946 (-15.5767, 3.5406) 0.01 

Intercept (u) 
 

-2.1 
  

Intercept (v) 
 

1.2030 
  

Water depth -6.16! 10-5 9.23! 10-4 -6.78! 10-4 (-0.0107, 8.07! 10-4) << 0.0001 

Water depth (u) 
 

-1.90! 10-5 
  

Water depth (v) 
 

-2.16! 10-5 
  

Water temperature -0.0771 0.2765 -0.0523 (-0.1155, 0.1452) 0.01 

Water temperature (u) 
 

0.0310 
  

Water temperature (v) 
 

-0.0172 
  

Target catch rate 0.0061 -0.0923 0.0126 (-0.0036, 0.0247) 0.49 

Target catch rate (u) 
 

-0.0036 
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Target catch rate (v) 
 

0.0035 
  

Wind speed 0.0004 0.1270 -0.0083 (-0.2535, 0.0429) 0.23 

Wind speed (u) 
 

-0.0053 
  

Wind speed (v) 
 

-0.0014 
  

Wind direction 0.0020 -0.0315 0.0012 (-0.0187, 0.0078) 0.11 

Wind direction (u) 
 

-2.79! 10-4 
  

Wind direction (v) 
 

8.72! 10-4 
  

Wave height 0.0158 0.7646 0.0161 (-0.1990, 0.3745) 0.5 

Wave height (u) 
 

0.0278 
  

Wave height (v) 
 

-0.0264 
  

AUC 0.69 0.73 0.84   
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Figure 1. Spatial distribution of longline set and seabird bycatch in the study area. NEC-northeast 

coast, MAB-middle Atlantic bight, SAB-south Atlantic bight. 
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Figure 2. Spatial distribution of the parameters from the geographically weighted generalized 

linear model (GW-GLM) for analyzing positive catch rate data. 
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Figure 3. Spatial distribution of the parameters from the spatial expansion model (SE) for 

analyzing positive catch rate data. 
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Figure 4. Spatial distribution of the parameters from the geographically weighted generalized 

linear model (GW-GLM) for estimating the probability of catching a seabird. 

 



!

!

"#!

 

 

Figure 5. Spatial distribution of the parameters from the spatial expansion model (SE) for 

estimating the probability of catching a seabird 

. 



!"#

#

Chapter 4 

Risk Assessment for Endangered White Abalone Using A Spatially Explicit 

Hierarchical Demographic Model 

 

4.1 Abstract 

Risk assessment of endangered white abalone (Haliotis sorenseni) has been challenging 

because of limited data. The present study demonstrated an application of the spatially explicit 

hierarchical demographic model for investigating population dynamics of white abalone and 

evaluating efficacy of hypothetical restoration strategies. The model represented demographic 

parameters as multi-level hierarchies, which accounted for uncertainty in parameter estimation 

due to limited data, and accounted for individual/sub-population variability in demographic traits 

in response to spatiotemporal heterogeneity. The model also accounted for the Allee effect (i.e., 

density-dependent fertilization success) observed in white abalone populations. In the calculation 

of fertilization success, I applied spatially explicit density estimates from three regions (Tanner 

Bank, Cortes Bank and San Clemente Island) to demonstrate an application of the spatially 

explicit approach in demographic models. Elasticity analyses showed that survival affected 

population growth rate more than fertility, and fertility and survival of large-size individuals (> 

130 mm) had the most influence on growth rate; the mean elasticity to fertility decreased while 

the elasticity to survival increased as the population became less abundant. Sensitivity analyses 

showed that growth rate was sensitive to most parameters but to different degrees, and growth 

rate in the less abundant region (e.g., San Clemente Island) showed lower sensitivity than the 

growth rate in the more abundant region (e.g., Tanner Bank); growth rate was also sensitive to 
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determination of size categories; hierarchical models yielded similar estimates as non-

hierarchical models, but had larger variance. Risk assessment suggested that restoration efforts 

directed at larger-size individuals may be more effective in increasing population density than 

efforts focusing on juveniles. The degree of increase depended on both initial population density 

and initial size structure; the increase became more prominent in regions with lower initial 

density than those with higher initial density when initialized with stable size structure. 

However, when initialized with surveyed size structure at Tanner Bank, the pattern reversed. 

However, stocking large-size individuals led to a decrease in the intermediate-size class (90-130 

mm) proportion in most cases; efficacy of increasing intermediate-size class proportion heavily 

depended on initial population density. I suggest that restoration efforts may need to consider the 

spatially explicit density-dependence effect, and to balance stocking efficacy and laboratory 

expenses/time expenditure. 

Keywords: white abalone; spatially explicit hierarchical demographic model; elasticity; 

sensitivity; risk assessment 

 

4.2 Introduction 

White abalone (Haliotis sorenseni) is the first marine invertebrate protected under the 

Endangered Species Act (Haaker, 1998; Hobday and Tegner, 2000). It is native to sand-

surrounding rock or boulder habitat at depths of 20-60 m along the west coast of California and 

the northwest coast of Mexico (Shepherd, 1973; Tutschulte, 1976; Davis et al., 1996; Hobday 

and Tegner, 2000). It is a species with long life span (40 years, Cox, 1960), slow movement, 

external fertilization, and highly variable recruitment rates (Bartsch, 1940; Cox, 1960; Leighton, 

1972; Hobday and Tegner, 2000). The white abalone fishery in California began in 1968, peaked 
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in 1972 and collapsed by 1978, driven by intensive exploitation and other factors such as 

environmental changes, diseases, hybridization, accidental mortality, predation and competition 

(Lundy, 1997; Hobday and Tegner, 2000). The abundance of white abalone has declined by 

greater than 99%, compared to the estimated pre-exploitation abundance (Hobday and Tegner, 

2000). The most recent survey between 2002 and 2010 at Tanner Bank revealed dramatic and 

continued decline in both abundance and density, along with an increased proportion of large 

individuals and the vast majority being singletons (Stierhoff et al., 2012). At low density, white 

abalone populations may suffer from the Allee effect (Allee, 1931; Stoner and Ray-Culp, 2000; 

Gascoigne and Lipcius, 2004) because external fertilization success requires high densities of 

sperm and eggs provided by aggregation of remnant individuals (Cox, 1960; Hobday and 

Tegner, 2000; Stierhoff et al., 2012). 

As the deepest-living and the latest harvested species among all abalone species along the 

west coast, the white abalone has been poorly studied (Hobday and Tegner, 2000). As concerns 

about its extinction arise, researchers and fishery managers have been taking actions to collect 

more information and to develop recovery plans for restoring the white abalone population. 

However, limited biological and ecological data complicate the assessment of its current status 

and extinction risk. Natural recovery without intervention seems unlikely to occur for white 

abalone (Stierhoff et al., 2012), and thus risk assessment under different restoration strategies, 

particularly under different stocking protocols will be essential. However, such risk assessment 

has been deficient relative to work on other endangered species. Rogers-Bennett and Leaf (2006) 

developed a deterministic demographic matrix model for white abalone and evaluated the 

impacts of recovery actions and potential threats on population growth, but did not account for 

uncertainty due to limited data, Allee effect or spatial heterogeneity. Thus, a risk assessment that 
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fully utilizes available information and accounts for uncertainty in parameter estimation due to 

limited data would better inform conservation of white abalone. 

Demographic models are commonly used to understand population dynamics and to 

evaluate management tactics for threatened and endangered species (Beissinger and Westphal, 

1998; Quinn and Deriso, 1999; Caswell, 2001). This type of model requires demographic 

information about the species. By representing demographic parameters as multi-level 

hierarchies, the hierarchical approach can incorporate demographic and environmental 

stochasticity by adding greater uncertainty to the model (Clark, 2003; Gelman et al., 2004; Jiao 

et al., 2009a; Jiao et al., 2009b). In the hierarchical model, each of the parameters that govern the 

probability distribution in the lower-level hierarchy is further determined by a probability 

distribution governed by parameters in the higher-level hierarchy (hereafter, termed “hyper 

parameters”) (Clark, 2003; Gelman et al., 2004). Hierarchical models are preferred in cases 

where we have limited data or knowledge about the species, or we believe that the species has 

strong variability in population dynamics across individuals, sub-populations, regions and years 

(Jiao et al., 2009b), which is likely the case for white abalone. Ignorance of this variability in 

parameter estimation might lead to incomplete understanding of the population dynamics of the 

species and misleading management recommendations (Jiao et al., 2009b). 

The spatially explicit approach is particularly appropriate for white abalone because its 

fertilization success is seriously hindered by low density due to the Allee effect (Clavier, 1992; 

Babcock and Keesing, 1999; Hobday and Tegner, 2000; Stierhoff et al., 2012), and its density is 

very likely to show spatial heterogeneity due to its limited movement (Leighton, 1972; Davis et 

al., 1998; Hobday and Tegner, 2000). After fertilization, the planktonic larvae of abalone 

disperse to suitable habitat for settlement. Larval dispersal has been shown to be very limited for 
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several Australian abalone species (Prince et al., 1987; McShane et al., 1988) and green abalone 

in California (Tegner and Butler, 1985a), but no information about larval dispersal distance 

exists for white abalone (Hobday and Tegner, 2000). The most recent survey using multibeam 

sonar mapping techniques revealed a significant difference in densities of white abalone among 

two offshore banks (Tanner Bank and Cortes Bank) and one island (San Clemente Island) off 

California coast (Butler et al., 2006). Additionally, its historic commercial catch data have shown 

spatial heterogeneity (Karpov et al., 2000). 

The purpose of this study was to: (1) develop a spatially explicit hierarchical 

demographic model for white abalone; (2) conduct sensitivity and elasticity analyses to identify 

critical size classes and demographic parameters for population growth; (3) evaluate efficacy of 

hypothetical restoration strategies to aid in management of white abalone and to prioritize 

recovery efforts. 

 

4.3 Methods 

Hierarchical size-structured demographic model 

I assumed a pre-breeding population for white abalone and applied the matrix model 

(Leslie, 1945; Caswell, 2001) because it has long been used to forward project population 

dynamics, to estimate the population growth rate and to determine the stable age or size structure 

and to conduct population viability analysis (Quinn and Deriso, 1999; Caswell, 2001).  I 

constructed the matrix model based on size structure instead of age structure due to the difficulty 

and uncertainty in ageing white abalone and the distinct demographic characteristics across size 

classes. The size-structured matrix model comprises two components, the projection matrix and 

the initial population structure: 
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Ny+1 = ANy, 

where  is a vector of size-specific population abundance at size class 

one to size class v in year y, in which v indexes the largest size class that I predetermined. The 

matrix A represents the projection matrix with a size of v x v. The projection matrix A takes the 

form: 

, 

where ei , i = 1, 2, …, v, is the size-specific fertility every year, i indexes the ith size class, si is 

the probability of individuals surviving from size class i to size class (i+1) in one year, pi!i is the 

probability of individuals staying within size class i and pi!j is the probability of individuals 

growing from size class i to another size class j after one year. Values for s and p range from 0 to 

1 and . Negative growth was not permitted in this study, and thus I set j ! i and the 

growth transition probabilities were standardized by dividing the probability of growing from a 

given size class to each size class by the summation of these probabilities of growing from a 

given class to all the size classes. The last size class was a plus group with the probability of 

staying in the same size being one (i.e., pv-v = 1). Values for e are positive by definition. 

The size-specific population abundance can be forward projected by using the projection 

matrix, and will eventually become stationary. This forward projection yields the growth rate ", 

the stable size structure and the reproductive values, which are the dominant eigenvalues, the 

corresponding right and left eigenvectors of the projection matrix, respectively (Hilborn and 

Ny = Ny,!1,!Ny,!2,...,!Ny,!v{ }

A =

s1p1!1 + e1 e2 … ev"1 ev
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Walters, 1992; Quinn and Deriso, 1999; Caswell, 2001). In a non-hierarchical model, the 

projection matrix is further governed by parameters while in a hierarchical model, both 

parameters and hyperparameters determine the projection matrix (Caswell, 2001; Jiao et al., 

2009b). 

Size categories were constructed using biologically meaningful sizes. I constructed four 

size classes with unequal interval width. The first size class encompassed growth from the size at 

one year (25 mm) to the size before becoming incryptic (75 mm, Cox, 1960), and thus abalones 

within this size class stay cryptic. The first size class did not start with the size at settlement (0.1 

mm) because of the assumption of prebreeding populations. Tutschulte (1976) estimated growth 

from a sample of 20 white abalones collected during search dives and a sample of 21 white 

abalones grown in the laboratory. The size at one year (25 mm) was determined from these 

analyses. The second size class ranged from 75.1 mm to 90 mm where white abalones stay 

incryptic before reaching maturity (Tutschulte, 1976). The third size class ranged from 90.1 mm 

to 130 mm, representing individuals reaching maturity and intermediate size (Davis et al., 1996; 

Hobday and Tegner, 2000). The Final White Abalone Recovery Plan (The Recovery Plan, 

NMFS, 2008) defines the intermediate-size individuals to be those within size class 90-130 mm, 

and sets conservation goals targeting this size class. Thus, I constructed this size class for 

evaluating hypothetical restoration strategies in the risk assessment. The fourth size class 

encompassed growth from 130.1 mm to 250 mm, the estimated maximum size (Cox, 1960). 

Growth transitions were determined from a linear relationship between shell length 

increment and initial length (Tutschulte, 1976), and a density probability distribution of length 

increment (Quinn and Deriso, 1999): 

, ! Li = !0.0986Li + 24.841
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, 

where  is the mean length increment for individuals in the ith size class, Li is the midpoint of 

the ith size class, and  is the normal distribution with a mean of  and a 

variance of  where !"L
 = 15.0 for individuals smaller than 100 mm (i.e., Li !100 mm) and 

!"L
 = 7.8 for those larger than 100 mm (i.e., Li > 100 mm), which were estimated from a sample 

of 21 white abalones grown in the laboratory for one year (Tutschulte, 1976).  

There are no survival estimates for juvenile and adult white abalone from the literature 

(Hobday and Tegner, 2000). Studies have shown that natural mortality generally declines with 

age for abalone (Tegner and Butler, 1985b; Prince et al., 1988; Shepherd and Daume, 1996). 

Thus I assumed the natural mortality of white abalone to be inversely proportional to length 

(Lorenzen, 1996; Lorenzen, 2000; Lorenzen, 2006): 

, 

where Mi is the natural mortality of individuals within size class i, c > 0 and d < 0 are constants 

and d = -1. The constant c can be determined by setting the area under the mortality curve 

equivalent to the area under the horizontal line of the predetermined constant natural mortality 

M: 

, 

where Lmax and Lmin are the maximum and minimum sizes that I used for constructing size 

classes, i.e., Lmax = 250 mm and Lmin = 25 mm. In the case of d = -1, by solving the above 

equation, I obtained: 

! Li ~ N ! Li,"!! L
2( )

! Li

N ! Li,"!! L
2( ) ! Li

!! L
2

Mi = cLi
d

cLd dL
Lmin

Lmax! =M Lmax " Lmin( )
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. 

The size-specific annual survival rates can be calculated as: 

. 

In the hierarchical model, the M was further represented by hyperparameters m1 and m2: 

 

where U(m1, m2) represents a uniform distribution bounded by m1 and m2, and CV stands for the 

coefficient of variation. I set CV = 20 - 40% which has been used as a reasonable uncertainty 

level in fisheries data analyses (Walters, 1998; Jiao et al., 2009b). Due to lack of information on 

natural mortality of white abalone, I determined m1 = 0.075 and m2 = 0.413 based on estimates 

from empirical approaches (Table 1), including estimates from longevity (Hoenig, 1983; Hewitt 

and Hoenig, 2005), age of maturity (Jensen, 1996) and intrinsic growth rate in the von 

Bertalanffy growth model (Jensen, 1996). 

In the development of size-specific fertility ei, I considered size-specific fecundity (Fi, 

i.e., number of eggs produced by all individuals within size class i each year), spatially explicit 

density-dependent fertilization success (xk, i.e., fertilization success given white abalone density 

in region k), larval survival rate before settlement (q), settlement success (r), and I also included 

the survival rate after settlement until reaching first year (s0) because of the prebreeding 

assumption: 

, 

c = Lmax ! Lmin
lnLmax ! lnLmin

M

si = exp(!Mi )

M ~ N M,!!M
2( ),

M ~U m1,!m2( ),
!M =CV !M,

ei = Fi ! xk !q! r! s0
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where I obtained q = 0.05 and r = 0.68 (average over temperature treatments) from a laboratory 

study (Leighton, 1972). I set s0 = 0.00071 to have the population growth rate approximately 

equal to one due to lack of information on larval survival for white abalone. The size-specific 

fecundity (Fi) was derived from a study on fecundity of wild female white abalones and a study 

on relationship between shell length and body weight (Tutschulte, 1976): 

, 

, 

where Wi is the body weight (g) of individuals within size class i, F is mean number of eggs per 

gram of female body weight each year, and the value 0.5 is used because I assumed a sex ratio of 

1:1. In the hierarchical model, the F was further described by hyperparameters f1 and f2: 

 

where I set CV = 20 - 40%, and f1 = 7170 and f2 = 10620 were determined from a four-year 

fecundity study with 197 wild female white abalones (Tutschulte, 1976). 

To incorporate the Allee effect, I borrowed a model of fertilization success obtained for 

the sea urchin Diadema antillarum Philippi (Levitan, 1991) : 

, 

where hk is the population density (number of individuals per square meter) in region k. I used 

this model for white abalone for three major reasons. First, there is no direct measure on the 

relationship between fertilization success and density available for abalone. Second, abalone and 

sea urchins live in similar habitats and aggregate at a similar spatial scale for spawning 

(Shepherd and Partington, 1995). For example, optimal sperm concentrations for a fertilization 

Fi = F !Wi !0.5

ln(Wi ) = 4.0243ln(Li )!14.5069

F ~ N F,!! F
2( ),

F ~U f1,! f2( ),
! F =CV !F,

ln(xk ) = 0.72 ln(hk )+ 0.49
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success greater than 90% are around 106 to 109 per liter for both sea urchins (Pennington, 1985; 

Young et al., 1992; Levitan, 2002) and abalone (Clavier, 1992; Encena et al., 1998; Babcock and 

Keesing, 1999). Third, Shepherd and Partington (1995) successfully applied the same model for 

the development of a spawner-recruitment model for the greenlip abalone Haliotis laevigata in 

South Australia. 

 

Spatially explicit approach 

To demonstrate the spatially explicit approach, I derived fertilization success, and thus 

developed models and conducted the following analyses for three regions off the California coast 

based on the most recent surveys on white abalone, i.e., the 2002 survey for Tanner Bank, the 

2003 survey for Cortes Bank and the 2004 survey for San Clemente Island (Butler et al., 2006). 

The mean densities for these three regions were estimated to be 13, 8 and 1.5 abalones per 

hectare respectively. I decided to use density estimates from these surveys for two major reasons. 

First, these surveys were conducted most recently using the multibeam sonar mapping 

techniques and therefore provided more accurate density estimates. Second, these surveys 

revealed a significant difference in densities among these three regions, which makes a good 

illustration of the spatially explicit approach. 

 

Elasticity analysis and sensitivity analysis 

Elasticity is defined as the proportional change in model results (i.e., the growth rate ! in 

our case) in response to proportional change in model parameters ! (Caswell, 2001). I used a 

simulation-approximation approach to calculate elasticity (Jiao et al., 2009b): 
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, 

where ! can be survival and fertility of each size class. Therefore, by simulating the same 

propotional change in parameters for each size class in the elasticity analysis, I can compare the 

relative importance of different size classes to the population growth rate for each of the three 

regions (Caswell, 2001). 

In this study, I derived growth transition, survival and fertility based on other parameters, 

including the shape parameter d, the m1 and m2 that determined the constant natural mortality M, 

the f1 and f2 that determined the constant fecundity F, larval survival rate before settlement q, 

settlement success r, the survival rate after settlement until reaching first year s0, the intercept 

and slope parameters that determined the relationships of , ln(w) and ln(x), and the CV. I also 

calculated the sensitivity of " with respect to these parameters for each of the three regions, 

where sensitivity is defined as the absolute change in model results in response to infinitesimal 

change in model parameters (Caswell, 2001). Additionally, I examined the sentitivity of " to 

population density h, where I set the upper bound of h to be 2000 individuals per hectare 

according to the Recovery Plan.  

To address the uncertainty introduced by determining size categories, I additionally 

constructed the size classes using two other approaches and compared the population growth 

rates from these two approaches with the one that I employed (I) for each of the three regions. 

The size classes that I used (I) covered a large range of sizes because of limited data, but may 

ignore the individual variations within a class. Thus, in method II, I constructed seven size 

classes with unequal interval width by splitting each of the size classes (except the second one) 

in method I into two finer size classes from the middle point. In method III, I constructed six size 

!
"
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=
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classes with equal interval width of 35 mm as applied in Rogers-Bennett and Leaf (2006). The 

first size class started with 35 mm and the last size class stretched to 245 mm to obtain an equal 

interval width. 

To examine the difference between hierarchical and non-hierarchical models, I compared 

the population growth rate estimates, percentage of reproductive contribution, and elasticities to 

fertility and survival from these two types of models for each of the three regions. In the non-

hierarchical model, the hierarchical structures in M and F were ignored: 

 

 

Risk assessment 

The Recovery Plan (NMFS, 2008) suggests a minimum density of 2000 individuals per 

hectare and a minimum proportion of 85% intermediate-size individuals (90-130 mm) for white 

abalone to be downlisted. According to the Recovery Plan, I developed a series of hypothetical 

stocking strategies and assessed their efficacy: for each of the three regions, stocking up to 1500 

individuals within a size class each year for 10 years, and implementing this strategy for each 

size class. The increase in population density after 10 years relative to initial density (h10 / h0), 

and the increase in proportion of intermediate-size individuals (90-130 mm) after 10 years 

relative to initial proportion (%intermediate-size10 / %intermediate-size0) were evaluated. I 

focused on stocking strategies in this study because the strong degree of spawning synchrony and 

high fecundity of white abalone make captive breeding and outplanting feasible (Stierhoff et al., 

2012). I used a 10-year time period for two reasons. First, it is moderate relative to the longevity 

of white abalone (35-40 years, Cox, 1960). Second, Morris and Doak (2004) has suggested a 

M ~U(m1,!m2 ),
F ~U( f1,! f2 ).
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minimum number of 10 years to examine the population trend in a population viability analysis. I 

used the stable size structure from the matrix model as the initial size structure (Table 2). I 

assumed the total habitat area for Tanner Bank, Cortes Bank, and San Clemente Island to be 

1619, 1138, and 889 hectare, respectively (Butler et al., 2006). Results were obtained from 

10000 Monte Carlo simulation runs. 

The most recent survey at Tanner Bank (Stierhoff et al., 2012) updated the density 

estimates and size distributions for 2002 and 2004, and additionally provided this information for 

2008 and 2010. With the updated information, I repeated the risk assessment for Tanner Bank 

using the actual surveyed size structure as the initial structure for 2002, 2004, 2008 and 2010. I 

determined the densities for each of the four years by dividing the total number of sightings each 

year across all depths by the total areas surveyed, i.e., 21 abalones per hectare for 2002, 5 

abalones per hectare for 2004 and 2010, and 10 abalones per hectare for 2008. I roughly 

estimated the size structure (Table 2) for each of the four years by digitizing the size distribution 

curves in Stierhoff et al. (2012). Our purpose was to explore which stocking strategy is the most 

effective under the current population structure instead of the hypothetical stable structure.  

 

4.4 Results 

The estimated population growth rate decreased as white abalone population became less 

abundant (Table 3), with the mean growth rates in Tanner Bank and Cortes Bank being 10% and 

7% higher than the one in San Clemente Island, respectively. For all three regions (Fig. 1), large-

size individuals (130-250 mm) contributed to reproduction the most (mean 44-51%), followed by 

intermediate-size individuals (90-130 mm, mean 25-26%), where individuals in higher density 

region (e.g, Tanner Bank) contributed greater than that in lower density region (e.g., San 
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Clemente Island). Population growth rate was most sensitive to fertility and survival of large-size 

individuals, with the mean elasticity to fertility decreasing while the mean elasticity to survival 

increasing as the population became less abundant (fertility: Tanner Bank 0.0782 > Cortes Bank 

0.0692 > San Clemente Island 0.0397; survival: Tanner Bank 0.5003 < Cortes Bank 0.5504 < 

San Clemente Island 0.7274). For all size classes in the three regions, survival affected growth 

rate more than fertility, represented by larger elasticity values to survival than those to fertility. 

For the stabilized size structure (Table 2), the proportion of Size 1 individuals on San Clemente 

Island is only half of the proportions on the other two offshore banks. The low density on San 

Clemente Island may have led to low recruitment through the Allee effect. 

I conducted sensitivity analysis for all the parameters involved in constructing the 

projection matrix. Figs. 2 and 3 only present results for those parameters to which population 

growth rate was shown to be highly sensitive, including two growth-related parameters (the 

intercept and slope of  relationship), three survival-related parameters (natural mortality 

shape parameter d, m1 and m2 that determined the constant natural mortality M) and six fertility-

related parameters (the intercept and slope of ln(w) relationship, and the slope of ln(x) 

relationship, larval survival rate before settlement q, settlement success r, and the survival rate 

after settlement until reaching first year s0). Inflating the slope and intercept of  relationship 

increased the mean of growth rate (Fig. 2). As the size-dependent natural mortality curve became 

less concaved down (i.e., d increased) until it leveled up (d = 0), the mean of growth rate 

decreased while its variance increased. Inflating the hyperparameters m1 and m2 that determined 

the constant natural mortality M also decreased the mean of growth rate. Growth rate was most 

sensitive to the intercept and slope of ln(w) relationship among all the parameters in the 

sensitivity analysis (Fig. 3). Inflating the intercept and slope of ln(w) relationship increased the 

!L
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mean and variance of growth rate, and this increase became more dramatic after the intercept 

reached -14 or the slope reached 4. Inflating the slope of ln(x) relationship decreased the mean 

and variance of growth rate. Inflating the larval survival rate before settlement q, settlement 

success r, and the survival rate after settlement until reaching first year s0 increased the mean of 

growth rate. In the sensitivity analysis, growth rate in less abundant region (e.g., San Clemente 

Island) showed lower sensitivity to all parameters than the one in the more abundant region (e.g., 

Tanner Bank), represented by smaller changes in growth rate in San Clemente Island as each 

parameter increased (Figs. 2 and 3). Both mean and variance estimates of population growth rate 

increased as the population became more abundant, but this increase became slower after 

population density reached approximately 250 individuals per hectare (Fig. 4). 

Growth rate was sensitive to the way of determining size categories (Table 3). I obtained 

a smaller estimate of mean growth rate when applying method II to determine size categories 

compared to method I, suggesting that growth rate decreased with smaller size intervals and this 

decrease was more prominent in abundant regions, i.e., growth rate in Tanner Bank decreased the 

most (5%), followed Cortes Bank (4%) and San Clemente Island (2%). Compared to method II, 

using method III yielded larger growth rate, indicating that growth rate may increase if using 

equal size class instead of an unequal one; this conclusion needs to be further justified because 

methods II and III were not restrictively comparable in this study. Given a certain way of 

determining size categories, hierarchical and non-hierarchical models yielded similar estimates 

for the mean growth rate (Table 3), percentage of reproductive contribution, and elasticities to 

fertility and survival (results not shown), but different estimates for variance, with the 95% 

confidence interval from the hierarchical model being wider. 
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Regardless of initial population density and initial size structure, stocking larger-size 

individuals, and for a given size class, stocking more individuals every year, were more effective 

in increasing population density after ten years (Figs. 5 and 6). However, the degree of increase 

depended on both initial population density and initial size structure. When the population was 

initially dominated by young individuals (i.e., initialized with stable size structure, Fig. 5), the 

increase in density became more prominent in regions with lower initial density (e.g., San 

Clemente Island) than those with higher initial density (e.g., Tanner Bank and Cortes Bank). By 

contrast, when population was initially dominated by old individuals (i.e., initialized with 

surveyed size structure at Tanner Bank, Fig. 6), I observed more obvious increase in years with 

higher initial density (e.g., year 2002) than those with lower initial density (e.g, years 2004 and 

2010).  

Regardless of initial population density and initial size structure, stocking large-size 

individuals led to a decrease in intermediate-size class proportion (Figs. 5 and 6). Stocking other 

three size classes raised the proportion and stocking emerging-size individuals (75-90 mm) were 

more effective in all cases except the one initialized with surveyed size structure at Tanner Bank 

in 2002. The increase in intermediate-size proportion became more obvious as initial density 

became lower, and tended to reduce or remain unchanged as more individuals were stocked. 

 

4.5 Discussion 

The Recovery Plan recommends models for white abalone to incorporate demographic 

and environmental stochasticity. Hierarchical demographic models provide an alternative to 

account for not only demographic and environmental stochasticity, but also great uncertainty due 

to limited data. For endangered species such as white abalone, an extremely low number of 
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extant individuals dominated by larger-size class makes it difficult to collect and update 

demographic information for a wild population, especially the survival estimates. The growth 

and reproduction estimates that I used in this study are 37 years old, and white abalone 

population dynamics may have dramatically changed over such a long period because density 

estimates declined from 2300 abalones per hectare in 1969-1972 surveys (Tutschulte, 1976) to 

1.5-13 abalones per hectare in 2002/2004 surveys (Butler et al., 2006), and its demographic traits 

(i.e., fertilization success) may greatly depend on density (Clavier, 1992; Babcock and Keesing, 

1999; Hobday and Tegner, 2000). Other estimates that I used, such as for settlement success, are 

either old laboratory data or rely on captive populations. With urgent needs for assessing the 

current status of white abalone and the risk of applying possible restoration strategies, but with 

great difficulties for acquiring more data, conservation efforts can take advantage of the 

modeling approach, such as the hierarchical demographic model, that can not only fully utilize 

limited data for this species but also properly incorporate great uncertainty due to such data 

limitation. 

It is always debatable how much or even whether uncertainty should be incorporated in 

models for species with limited data (Beissinger and Westphal, 1998). On one hand, without 

sufficient information, it is difficult to obtain variance estimates other than mean estimates for 

key demographic parameters. On the other hand, little information on these parameters 

introduces great uncertainty in modeling population dynamics of this species. In this study, I 

preferred the hierarchical demographic model for white abalone rather than non-hierarchical or 

deterministic models for three reasons. First, other than data limitation, individual/sub-

population variability in demographic traits due to genetic diversity and environmental 

stochasticity also encourage the modeling approaches that can account for this variability, such 
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as the hierarchical demographic model. For example, the fecundity of female white abalone can 

range from 7170 to 10620 eggs per gram female body weight per year (Tutschulte, 1976); its 

larvae development, growth and settlement success are sensitive to water temperature, with 

settlement success ranging from 0% to 100% under different temperatures from10 ºC to 20 ºC, 

and water temperature is likely to show spatiotemporal heterogeneity. Second, to address the 

concerns associated with limited data, I borrowed information from white abalone’s congeners 

and closely-related species for some parameters; as suggested by Beissinger and Westphal 

(1998), I used a relative instead of an absolute approach to interpret results and draw 

conclusions, i.e., I focused on the relative changes in growth rate rather than its absolute 

estimates. Third, compared with the non-hierarchical model, the hierarchical model incorporated 

greater uncertainty and variability but yielded similar mean estimates of growth rate, 

reproduction contribution, and elasticities to fertility and survival. Morris (1999) suggested that 

even with limited data, a more complicated model can still be informative if it confirms the 

conclusions of a simpler model, and I can place greater confidence in the results and their 

implications for conservation planning. 

This study confirmed that population dynamics (i.e., the response of population growth 

rate to demographic parameters and restoration strategies) of white abalone is sensitive to its 

density, and thus restoration effort focusing on increasing its density could be a priority. For 

example (Figs. 2 and 3), growth rate in a region where it is less abundant (e.g., San Clemente 

Island) showed lower sensitivity than in a region where it is more abundant (e.g., Tanner Bank). 

However, I need to clarify that density does not necessarily represent separation distance 

between individuals, and density along with spatial distribution together can better characterize 

this Allee effect in white abalone populations. For example, given the same density, a spatially 
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evenly-distributed population may show totally different population dynamics (e.g., fertilization 

success) from a spatially patchily-distributed one. Thus, it is also important to consider spatial 

distribution while setting restoration goals for increasing density. Butler et al. (2006) and 

Stierhoff et al. (2012) provided important information on aggregations of current white abalone 

populations, and the majority of individuals were observed alone. With such field data, a 

simulation study that can incorporate not only density-dependence but also spatial-distribution 

would provide essential information for setting restoration goals to increase both density and 

population growth. 

This study showed that different methods of assigning size classes may affect outcomes 

of a demographic model (Table 3), which has rarely been tested in previous studies related to 

population viability analysis. With too wide size intervals, I may increase the degree of ignoring 

variability within each size class and even some critical features of a certain group of individuals 

in a size class (called the distribution error in Vandermeer (1978)). For example, results showed 

that the largest size class (130-250 mm) contributed the most to reproduction under method I 

(Fig. 1). In reality, not all individuals in this size class would contribute equally to reproduction; 

instead, the smaller individuals in this size class may contribute much more than larger ones. In 

this case, method II that further split each size class into two finer intervals may be more 

appropriate. With too narrow size intervals, data may not be sufficient enough to provide 

information for each size class (called the sampling error in Vandermeer (1978)). Rogers-

Bennett and Leaf (2006) applied the Maloney-Vandermeer algorithm (Caswell, 2001) to 

minimize both the problem with too few individuals sampled within a size class and the problem 

with treating all individuals within a size class equally, although this procedure contributed little 

to their final decision on size class because they used very large size intervals. Vandermeer 
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(1978) also indicated that such a procedure is not meant to apply to those situations where size 

categories are defined biologically. Thus, I did not apply such algorithms to aid in our decision 

on size class. Instead, I conducted a sensitivity analysis to examine the response of growth rate to 

different classification methods, and I would recommend such a sensitivity analysis for size-

based demographic models to obtain less biased information. 

Extensive studies have been conducted on the survival of outplanted individuals of its 

congeners across a wide range of size classes from larvae to large adults (150 mm), and these 

information are summarized in McCormick (1994) and the Recovery Plan (NMFS, 2008). In this 

study, I determined the lower (m1 = 0.075) and upper (m2 = 0.413) bounds of mean natural 

mortality for white abalone based on its demographic information through empirical approaches. 

I validated this upper and lower bounds using the field data with outplanted abalones (Fig. 7). I 

estimated the 95% confidence intervals of size specific natural mortality by taking the lower and 

upper bounds of mean natural mortality, respectively. I used the CV=40% to encompass the 

greatest uncertainty. Results confirmed that the majority of the field observations fell within the 

range that I obtained based on this upper and lower bounds of the mean natural mortality. Thus, 

although great uncertainty is embedded in natural mortality estimation for white abalone due to 

lack of information on wild populations, the range of mean natural mortality that I applied in this 

study was fairly appropriate. 

The sensitivity analysis on growth rate relative to population density showed a faster 

increase in growth rate before population density reached approximately 250 individuals per 

hectare and the increase became slower afterwards (Fig. 4). This result confirmed that the 

population growth rate may suffer from the Allee effect at low density, and also may start to be 

limited by available resources when density reaches a certain level. Thus, it is important to 



!"#$

$

consider both the Allee effect and the effect of intraspecific competition when setting 

conservation goals based on density. 

In this study, I assumed a 1:1 sex ratio, and did not account for the possibility of 

hermaphroditism in white abalone. Ghiselin (1969) reviewed three conditions under which 

hermaphroditism is likely to evolve in animals: (1) where it is difficult to find a mate due to low 

density; (2) where one sex benefits from being larger or smaller than the other; or (3) gene 

dispersal is restricted due to small and genetically isolated populations. Although 

hermaphroditism (simultaneous hermaphroditism in most cases) has been found among the 

Gastropoda (Ghiselin, 1966; Ghiselin, 1969), no solid evidence has been revealed among 

abalones. Giorgi and DeMartini (1977) observed no historical evidence of hermaphroditism in 

red abalone Haliotis rufescens Swainson in California. Girard (1972) noted a hermaphroditic 

specimen of the ormer (Haliotis tuberculata), and Murayama (1935) observed one of the 

Japanese species Haliotis gigantean. Hayashi (1980) studied the reproduction of the ormer in 

Guernsey but did not find any trace of hermaphroditism. Without further investigation, these 

instances of hermaphroditism among abalone are unexplained and may be considered as an 

uncommon phenomenon. Nevertheless, according to the three conditions above, the possibility 

exists for white abalone to evolve from the gonochoric to the hermaphroditic state given its 

current low density and spatially heterogeneous distribution. Further investigation on the 

physiology and reproductive biology of white abalone is needed to explore this hypothesis. 

Focusing on the absolute values of growth rate for different population densities (Fig. 4), 

it seems that with a density of as low as 50 individuals per hectare, I will be able to achieve the 

growth rate of one, i.e., preventing the population from continued decline. Also, looking at the 

absolute values of density ratio corresponding to different stocking strategies (Fig. 5), it appears 
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to suggest that even without any stocking, the density of white abalone will be increased and 

even doubled (e.g., Tanner Bank) in 10 years. These implications seem unrealistic for white 

abalone given its current population status. To properly understand and interpret these results, 

recall that when I constructed the projection matrix, I adjusted the survival rate before reaching 

the first year (s0) to make the population growth rate approximately equal to one; I borrowed 

information from sea urchins for the density-dependent fertilization success; and I roughly 

estimated the mean natural mortality through empirical methods due to lack of data on white 

abalone. Thus, as discussed above, given the limited information on white abalone, I based our 

conclusions on the relative changes in the quantities of interest instead of their absolute values. 

The Recovery Plan has set up goals based on both density (e.g, density > 2000 

individuals per hectare for downlisting) and size structure (e.g., intermediate-size (90-130 mm) 

proportion ! 85%; large-size (>130 mm) proportion " 15% for downlisting). I have three 

concerns associated with these conservation goals. First, based on this study, stocking large-size 

(>130 mm) individuals may be most effective in increasing density but may lead to decrease of 

intermediate-size proportion. Thus, restoration efforts focusing only on increasing density or 

population size may not be sufficient to meet both goals. Second, with effective stocking 

strategies, the degree of increase in density depended on both initial population density and 

initial size structure whereas the degree of increase in intermediate-size proportion only 

depended on initial density (Figs. 5 and 6). With the observed spatial heterogeneity in white 

abalone populations, it would be more appropriate to have spatially explicit restoration plans and 

goals based on current initial population status.  Third, results suggested that stocking large-size 

individuals was most effective in increasing white abalone density, which agreed with the 

findings (140-175 mm) from Rogers-Bennett and Leaf (2006). However, given the laboratory 
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expenses and time consumption raising abalones in laboratory until adults, concerns may rise 

when it comes to practice. For example, with a growth rate estimate of 10 mm per year for adults 

(Tutschulte, 1976; Tutschulte and Connell, 1981) and a stocking size of 130 mm, the white 

abalones available for stocking will be around 9-13 years old. Based on a review provided by 

McCormick et al. (1994), outplanting abalones at sizes greater than 40 mm seemed to have the 

highest survival rates, and it is believed that outplanting younger animals may have higher 

reproductive potential than older ones (NMFS, 2008). However, these studies were based on the 

assumption that captive abalones introduced into the wild have the same reproductive fitness and 

survival as wild white abalone; this assumption still needs to be justified. Thus, more laboratory 

and simulation studies are needed to aid in the design of stocking programs for white abalone 

that can balance stocking efficacy and laboratory expenses/time consumption. For example, 

laboratory measurement on size-specific survival, first year survival, and relationship between 

fertilization success and density/separation distance, or lab/field data on its suitable habitat will 

be very helpful. An individual-based simulation model that can track individual performance 

given a certain level and a certain pattern of aggregation, or a simulation that links ecosystem 

(e.g., ocean current) to its population dynamics (e.g., larval dispersal, settlement, or growth) 

would be very helpful to guide stocking of this species. 

In summary, hierarchical demographic models provide a powerful tool for incorporation 

of uncertainty due to data limitation and individual/sub-population variability due to 

spatiotemporal heterogeneity, which is particularly useful for endangered species such as white 

abalone. The spatially explicit approach is appropriate for white abalone due to its density-

dependent fertilization success and its current heterogeneous spatial distribution. Density has a 

great influence on degree and/or direction of the response of population growth rate to 
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demographic parameters and restoration strategies. Stocking large-size (>130 mm) abalones may 

be most effective in increasing density but may lead to decrease of intermediate-size proportion. 

Thus, to meet the conservation goals in the Recovery Plan, restoration efforts may need to 

consider the spatially explicit density-dependence effect and to balance stocking efficacy and 

laboratory expenses/time consumption. 
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Table 1 

A summary of estimates for natural mortality using empirical approaches. 

Parameter 
Empirical 

approach 

Estimate 

for natural 

mortality 

Reference for 

parameter 

Reference for 

empirical approach 

Longevity 

tmax=40 years 
3/tmax 0.075 

Cox, 1960; Leighton, 

1972 
Hoenig, 1983 

Longevity 

tmax=40 years 
4.22/tmax 0.1055 

Cox, 1960; Leighton, 

1972 

Hewitt and Hoenig, 

2005 

Age at maturity 

tm=4-6 years 
1.65/tm 

0.275-

0.4125 
 Tutschulte, 1976 Jensen, 1996 

Growth rate 

coefficient 

k=0.111 

1.5k 0.1665 

Estimated by fitting the 

von Bertalanffy growth 

model using data in 

Tutschulte (1976)  

Jensen, 1996 
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Table 2 

Stable size structure (%) from the hierarchical demographic models for Tanner Bank, Cortes 

Bank and San Clemente Island, and surveyed size structure (%) at Tanner Bank in 2002, 2004, 

2008 and 2010. The surveyed size structure is digitized from Stierhoff et al. (2012). 

 

Size 1 

25-75mm 

Size 2 

< 90mm 

Size 3 

< 130mm 

Size 4 

< 250mm 

Density 

(individual/ha) 

Stable size structure (%) 

Tanner Bank 45.37 9.14 19.31 26.18 13 

Cortes Bank 40.54 8.42 18.88 32.16 8 

San Clemente Island  23.79 5.42 14.61 56.18 1.5 

Surveyed size structure (%) at Tanner Bank 

2002 0 0 49.31 50.69 21 

2004 0 0 37.98 62.02 5 

2008 0 0 18.43 81.57 10 

2010 0 0 26.20 73.80 5 
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Table 3 

Population growth rate from hierarchical and non-hierarchical models. The 95% confidence interval is indicated in parenthesis. 

Sizea 
Tanner Bank   Cortes Bank   San Clemente Island 

Hierarchical Non-hierarchical Hierarchical Non-hierarchical Hierarchical Non-hierarchical 

I 1.0329 1.0321 
 

1.0036 1.0033 
 

0.9361 0.9334 

 (0.8233, 1.2187) (0.9067, 1.1800) (0.8125, 1.1740) (0.8854, 1.1397) (0.7843, 1.0661) (0.8394, 1.0419) 

II 0.9812 0.9788 
 

0.9618 0.9587 
 

0.9196 0.9166 

 (0.7986, 1.1610) (0.8589, 1.1224) (0.7988, 1.1234) (0.8498, 1.0922) (0.7940, 1.0376) (0.8386, 1.0139) 

III 1.0171 1.0169 
 

0.9956 0.9941 
 

0.9409 0.9399 

  (0.8221, 1.1929) (0.8958, 1.1593) (0.8087, 1.1598) (0.8800, 1.1266) (0.7912, 1.0693) (0.8465, 1.0471) 

a: Different methods to determine the size categories, i.e., I-four uneven size classes, II-seven uneven size classes, III-six even size 

classes.  
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Figure 1. Percentage (%) of reproductive contribution, elasticities of population growth rate to 

fertility and survival. Upper and lower bars represent data range; upper and lower boundaries of 

the box represent the third and the first quartiles of the data; line in the middle of the box 

represents median of the data. 
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Figure 2. Sensitivity of population growth rate to the growth- and survival-related parameters in 

projection matrix. Solid lines represent mean estimates of growth rate under different parameter 

values, and dotted lines represent 95% confidence intervals. 
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Figure 3. Sensitivity of population growth rate to the fertility-related parameters in projection 

matrix. See Fig. 2 for the explanation of plots. 
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Figure 4. Sensitivity of population growth rate to population density. See Fig. 2 for the 

explanation of plots. 
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Figure 5. Hypothetical restoration strategies and their efficacy, shown as the increase in population density after 10 years relative to 

initial density (h10 / h0), and the increase in proportion of intermediate-size individuals (90-130 mm) after 10 years relative to initial 

proportion (%intermediate-size10 / %intermediate-size0). Initial population size structure is assumed to be the stable size structure. 

Lines represent mean estimates from 10000 iterations. 
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Figure 6. Hypothetical restoration strategies and their efficacy for Tanner Bank when its initial population size structure is the actual 

surveyed one in 2002, 2004, 2008 and 2010. See Fig. 5 for explanations of y-axis labels. 
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Figure 7. Validation of the lower and upper bounds of mean natural mortality with field 

outplanting data from literature. Dotted lines and solid lines outline the 95% confidence intervals 

of size specific natural mortality estimated by taking the lower (m1 = 0.075) and upper (m2 = 

0.413) bounds of mean natural mortality. I used CV=40% for estimation. Circles represent 

observed mean natural mortality and bars represent observed range of natural mortality for 

abalones of a certain size in literature. 
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Chapter 5 

Spatial Nonstationarity And Decline of Endangered White Abalone 

 

5.1 Abstract 

White abalone (Haliotis sorenseni) has been a great concern of fisheries management and 

marine conservation because its fishery collapsed after only one-decade of exploitation and its 

population has declined by greater than 99%. With the commercial catch data from 1969 to 

1995, I estimated the spatially explicit decline rate for white abalone catch by assuming an 

exponential decline. The catch was estimated to decline at a rate of -0.2727 in median with a 

95% confidence interval between -0.5790 and 0.3788. The decline rate showed a complicated 

mosaic spatial pattern where more severe decline occurred when moving away from coast in the 

south of the study region, and less severe decline was found along coast between Point 

Conception and Santa Barbara. I linked the decline rate to environmental factors including water 

depth, distance to California coast, distance to land, sea surface temperature and chlorophyll 

concentration, and I did not detect any significant associations between decline rate and these 

five environmental factors. This study is limited by the few fishing sites with available data and 

the limited availability of information on environmental factors. Although I did not find 

significant associations of catch decline with these five environmental factors and I only 

analyzed the commercial catch data which generally cannot be used to infer population status 

without fishing effort information. Thus, through this study I am hoping to emphasize that spatial 

nonstationarity is likely to exist for white abalone and should be taken into account when 

developing restoration strategies. 
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Keywords: Spatial nonstationarity; white abalone, decline, commercial catch, environmental 

factor 

 

5.2 Introduction 

White abalone (Haliotis sorenseni), along with four other abalone species once supported 

a valuable commercial and recreational abalone fishery in California but the whole fishery 

collapsed by 1997 following a serial depletion  (Haaker, 1994; Hobday and Tegner, 2000). The 

white abalone fishery began in 1968, peaked in 1972, collapsed by 1978 and became the first 

marine invertebrate protected under the Endangered Species Act in 2001. With respect to the 

estimated pre-exploitation abundance, abundance of white abalone has declined by greater than 

99%, and the decline continues (Hobday and Tegner, 2000; Butler et al., 2006; Stierhoff et al., 

2012). White abalone has external fertilization, which requires aggregation of individuals to 

provide a sufficient concentration of sperm and eggs (Cox, 1960; Hobday and Tegner, 2000; 

Stierhoff et al., 2012). At such an extremely low density, the remnant abalones may not be able 

to reproduce successfully, which is known as the Allee effect (Allee, 1931; Stoner and Ray-Culp, 

2000; Gascoigne and Lipcius, 2004).  

Population dynamics of white abalones are likely to show spatial nonstationarity, i.e., 

variation in population dynamics over space. First, abalones are known to have limited 

movement after larvae disperse and settle to a suitable habitat, and their suitable habitat extends 

along both coastline and depth (Shepherd, 1973; Tutschulte, 1976; Hobday and Tegner, 2000). 

Second, the most recent survey using multibeam sonar mapping techniques showed that densities 

among two offshore banks (Tanner Bank and Cortes Bank) and one island (San Clemente Island) 

off the California coast differed greatly (Butler et al., 2006). Third, its historic commercial catch 
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data have shown spatial heterogeneity (Karpov et al., 2000). Thus, conservation and management 

of white abalone will benefit from a more complete understanding of the spatial variation in 

population dynamics. 

Decline of the white abalone population is believed to be driven by intensive exploitation, 

along with environmental changes, diseases, hybridization, accidental mortality, predation and 

competition (Lundy, 1997; Hobday and Tegner, 2000). Impacts of environmental factors such as 

water temperature on abalone population dynamics (e.g., growth and survival) have been 

documented (Haaker et al., 1998; Shepherd et al., 1998; Hobday and Tegner, 2002; Vilchis et al., 

2005). However, how the environmental conditions are related to population decline of white 

abalone is still understudied, and these environmental conditions may also vary over space. 

The purposes of this study were to: (1) explore spatial nonstationarity in the decline of 

white abalone commercial catch; (2) relate the decline of catch to environmental factors, 

including water depth, distance to California coast, distance to land, sea surface temperature and 

chlorophyll concentration; (3) provide recommendations for white abalone restoration. 

 

5.3 Methods 

Data 

Commercial catch data of white abalone from 1969-1995 are provided by California 

Department of Fish and Game (CDFG). The entire fishing area was divided into sites with a size 

of 10 minute by 10 minute and catch data were collected from each site over years. Data for 52 

sites were available, but I only used data for 27 sites to analyze the decline of commercial catch. 

I excluded those sites that contained too few catch data (i.e., catch for only one or two years) to 
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detect decline trend of catch, and those sites with missing information on location. Among the 27 

sites, there was one site (site 897 near Cortes Bank) with a size of 10’(latitude)!  30’(longitude). 

 

Spatial variation in the decline of commercial catch 

I assumed an exponential decline for white abalone commercial catch: 

Ct =C0e
kt                                                               (1) 

where Ct is the catch (lb) at year t, C0 is the initial catch, and k is the decline rate. A k value of 

zero indicates constant catch over years, a k value greater than zero indicates increasing catch 

and a k value less than zero indicates declining catch. I calculated the decline rate (k) for each of 

the 27 sites using the annual catch data from the corresponding site. 

 

Correlation between the decline of catch and environmental factors 

In this study, I compared the spatially explicit decline rate of white abalone catch with 

water depth, distance to California coast, distance to land, sea surface temperature and 

chlorophyll concentration. Water depth at each site referred to the mean depth (m) within the site 

and was estimated by the U.S. Coastal Relief Model (2003) available at National Oceanic and 

Atmospheric Administration (NOAA) National Geophysical Data Center. Distance to California 

coast (km) was defined as the shortest distance from center of each site to California coastline, 

which may provide insights on the impact of human disturbance on white abalone population. 

Distance to land (km) was defined as the shortest distance from each site to its nearest land 

(either the California coastline or an island), in which information about habitat type, ocean 

current and water depth may be imbedded. These two distances were calculated in ArcGIS 

(Version 10.1). Studies have shown that abalone growth and survival are sensitive to water 
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temperature (Haaker et al., 1998; Shepherd et al., 1998; Hobday and Tegner, 2002; Vilchis et al., 

2005). Butler et al. (2006) surveyed Tanner Bank and found presence of white abalone 

associated with algal coverage. Thus, I hypothesized that decline of catch may also be influenced 

by water temperature and algal coverage. Data of sea surface temperature (ºC) and chlorophyll 

concentration (mg/m3) were available from National Aeronautics and Space Administration 

(NASA) Earth Observatory Program, and I used one-year (2013) average for these two factors.  

 

5.4 Results 

The decline rate and trend of white abalone commercial catch were calculated for each 

site (Fig. 1). Catch at most sites (e.g., sites 689, 684, 829 and 861) exhibited an exponential 

decline, catch at three sites (i.e., sites 655, 842 and 849) showed exponential increase, and catch 

at two other sites (i.e., sites 654 and 700) fluctuated dramatically over time. The median decline 

rate was estimated to be -0.2727 with a 95% confidence interval (CI) between -0.5790 and 

0.3788. The negative median value of this decline rate suggested that a severe decline in 

commercial catch of white abalone has occurred in most sites, and the wide 95% CI implied that 

the decline of catch varied greatly over space. The site off shore of San Diego (site 861, Fig. 2) 

suffered the most severe decline in commercial catch of white abalone since 1969 with a decline 

rate of k = -0.8714. By contrast, the site near central San Clemente Island (site 849, Fig. 2) 

experienced the greatest increase in commercial catch with a rate of k = 0.4911.  

The decline rate (k) showed a complicated mosaic spatial pattern (Fig. 2). In the north of 

the study region, more positive rates were found along the coast between Point Conception and 

Santa Barbara. In the water around Channel Islands, more severe declines occurred when moving 

towards the east and west sides of the islands. In the south of the study region (i.e., south to Point 
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Dume), the decline rate appeared to be more negative towards open sea, suggesting more severe 

decline in commercial catch when moving away from coast. Santa Catalina Island experienced 

less severe decline in catch than other offshore islands. I did not detect any significant correlation 

between decline rate and the five environmental factors that I examined, i.e., water depth, 

distance to California coast, distance to land, sea surface temperature and chlorophyll 

concentration (Fig. 3). 

 

5.5 Discussion 

Decline of white abalone catch did show great spatial variation, which confirmed the 

existence of spatial nonstationarity in white abalone catch data. Theoretically catch data without 

fishing effort information cannot be used to infer population size or density, and commercial 

catch is usually subject to fisheries management. I only analyzed the commercial catch data 

because spatially explicit information on fishing effort was not available. Through such analysis, 

I am hoping to emphasize that spatial nonstationarity is likely to exist for white abalone and 

should be taken into account when developing restoration strategies. 

Catch at three sites (e.g., sites 655, 842 and 849 in Fig. 1) increased exponentially, which 

is counterintuitive because the overall catch of white abalone declined dramatically after 1978 

due to depletion of this species caused by intensive exploitation. There are two possible reasons 

for observing such increasing trend. First, only three or four years’ catch data were available for 

these three sites, making it difficult to capture the long-term trend. Second, the available data for 

these three sites were for a short period before 1980 when the overall catch of white abalone 

stayed relatively high.  I also observed great fluctuations at two other sites (i.e., sites 654 and 

700). Recall that catch data cannot infer species abundance without information on fishing effort, 
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and are subject to changes in fisheries management. The white abalone commercial fishery in 

California was historically managed based on minimum size limits, a closed season during 

spawning, and license fees (Davis et al., 1998; Hobday and Tegner, 2000). A minimum size limit 

of 120 mm (in diameter) was established for all abalone species in California in 1917, and the 

size limit increased to 159 mm in 1970. This increase in size limit led to a drop in harvest effort 

on more popular species such as pink abalone but an increase in harvest effort on less exploited 

species such as white abalone (Hobday and Tegner, 2000), which may partially contribute to the 

increasing trend of white abalone catch after 1970 that I observed at all sites with positive decay 

rates including these two. A commercial license for divers cost $100 in 1970, increased to $200 

in 1975 and again to $250 in 1986, and then went to $330 in 1991 (Burge et al., 1975; Lundy, 

1997; Hobday and Tegner, 2000). Compare to the license fee in 1970, the higher license fee in 

1975 may discourage divers harvesting white abalone and contribute to the lower catch in 1975 

at some sites (e.g., sites 654, 690, 700 and 709). 

Studies have shown that abalone population dynamics (e.g., growth, survival and density) 

were closely related to environmental conditions such as water temperature (Haaker et al., 1998; 

Shepherd et al., 1998; Hobday and Tegner, 2002; Vilchis et al., 2005) and depth (Butler et al., 

2006). However, contrary to our expectation, decline rate of white abalone catch was not 

significantly associated with any of the five environmental factors that I examined in this study 

(Fig. 3). One possibility is that I investigated too few sites to be able to detect their correlations. 

The other possibility is that in the years earlier than 1980 when white abalones were under 

intensive exploitation, impacts of environmental factors were overridden by intensive 

exploitation. When pooling data from all years together, it is difficult to detect the significant 

association with environmental factors. The third possible reason is that the significant 
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correlation between decline rate and environmental factors may exist at a local scale but is 

negligible at a global scale. For example, just looking at the southeast of the study region, catch 

decline appeared to be associated with distance to California coast (Fig. 2). Particularly for sea 

surface temperature and chlorophyll concentration, there are two more possible reasons for not 

showing any significant correlation with catch decline. First, these two factors may vary 

dramatically from year to year. Thus, one-year average seems not sufficient to represent the 

characteristics of these two factors and long-term data will be needed to fully explore their 

influences on catch decline. Second, white abalone is known as the deepest living one among the 

five abalone species in California, and was commonly found on sand-surrounding rock or 

boulder at depths of 20-60 m (Shepherd, 1973; Tutschulte, 1976; Davis et al., 1996; Hobday and 

Tegner, 2000). Thus, factors measured near water surface such as sea surface temperature and 

chlorophyll concentration may not be good indicators for population dynamics of white abalone. 

Additionally, chlorophyll concentration is primarily used to indicate phytoplankton abundance, 

which is not the dominant food source for large adult abalones. Large white abalones were found 

to feed on attached or drifting brown algae (Tutschulte, 1976; Hobday and Tegner, 2000). 

Ocean current and habitat may also be important factors and worth investigating in future 

studies. Ocean current may influence the efficiency of feeding on drifting algae for white 

abalone, and the California coast is heavily influenced by north Pacific currents that bring waters 

towards shore. White abalone appears to be a habitat specialist which prefers sand-surrounding 

rock or boulder covered with algae (Shepherd, 1973; Tutschulte, 1976; Davis et al., 1996; 

Hobday and Tegner, 2000Butler et al., 2006).  Sand is believed to be important in forming 

channels for movement and aggregation of drifting algae (Shepherd, 1973; Hobday and Tegner, 

2000). Butler et al. (2006) also found the presence of white abalone at Tanner Bank to be 
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positively associated with flat sea floor, brown algae abundance and habitat deformed with sand. 

Thus, I hypothesize that habitat may be an important factor associated with catch decline. More 

detailed information on habitat (e.g., rock coverage, sand coverage, algae abundance especially 

brown algae abundance, and habitat stability) will help better our understanding of white abalone 

decline. 

In conclusion, decline of white abalone catch showed great spatial variation, but I did not 

find significant evidence for the decline rate to be associated with water depth, distance to 

California coast, distance to land, sea surface temperature and chlorophyll concentration. This 

study is limited by the few fishing sites with available data and availability of information on 

environmental factors. Although I did not find significant associations of catch decline with these 

five environmental factors and I only analyzed the commercial catch data that generally cannot 

be used to infer population status without fishing effort information. Through this study I am 

hoping to emphasize that spatial nonstationarity is likely to exist for white abalone and should be 

taken into account when developing restoration strategies. Collection of spatially explicit 

information on other environmental factors such as ocean current and habitat is warranted to 

further explore the possible driving factors for catch decline and population dynamics of white 

abalone. 
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Figure 1. Spatially explicit decline rate (k) and decline trend of white abalone commercial catch. 

A total of 52 sites are plotted including those sites without decline rate estimated. The number 

over each plot indicates the ID number of each site from California Department of Fish and 

Game. Refer to Fig. 2 for the location of each site. 
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Figure 2. Spatial distribution of decline rate (k) of white abalone commercial catch. Results of 

the 27 sites for which decline rate were estimated are plotted. The number on each site denotes 

the ID number from California Department of Fish and Game. 
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Figure 3. Correlation between decline rate (k) and environmental factors. 
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Chapter 6 

Conclusions 

 

With the two empirical examples of longline seabird bycatch and endangered white 

abalone, I demonstrated four methods to explore spatial dynamics of data-poor species, and 

highlighted the implications of such spatial analysis in conservation and management (Table 1). 

The four methods included the eigenfunction-based spatial filtering, the geographically weighted 

generalized linear model, the spatially explicit demographic model and the nonstationarity 

analysis of white abalone catch data. With the example of longline seabird bycatch, the 

eigenfuncion-based spatial filtering and the geographically weighted approach provided flexible 

tools to explore spatial dynamics in ecological data by integrating new techniques with those 

existing modeling approaches that deal with zero-inflated data. Both methods showed superior 

performance over the candidate models that I compared and revealed great spatial variation in 

estimated seabird bycatch or in the relationships between seabird bycatch and environmental 

factors. With the example of endangered white abalone, the spatially explicit approach combined 

with hierarchical demographic models was shown to be a competitive alternative to incorporate 

spatial patterns and high uncertainty due to data limitation in population dynamics modeling. The 

spatial nonstationarity analysis of white abalone catch data provided a valuable tool to explore 

spatial variation in the decline of white abalone, and showed that such a variation was very likely 

to exist and should be taken into account when developing restoration strategies for white 

abalone. 

In this study, these four methodologies were modified and tailored for data-poor species. 

As relatively new approaches applied in ecological studies, they showed advantages that they are 
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flexible in customizing spatial dependence based on data and research interest, easy to modify 

and integrate with existing modeling approaches for data-poor species, helpful in exploration of 

spatial patterns in the data. Results confirmed that these four methods outperformed the 

traditional models and helped capture the spatial patterns. Given the high concerns on data-poor 

species and challenges with modeling their spatial patterns, this study provided not only 

implications for their conservation and management, but also alternative tools that can benefit 

the development of spatial models for these data-poor species. 

Conclusions from this study may be limited by selection criterion, candidate models 

compared and data structure (e.g., the percentage of zero observations in the data or the number 

of observations analyzed). Although there are many other methodologies available to model 

spatial patterns, to deal with zero-inflated data, or to analyze data with limited information and I 

only explored four of them, I hope that these results will provide insights on applying or adapting 

existing methods for modeling spatial dynamics of data-poor species, and on utilizing 

information from such analyses to aid in conservation and management of these species. 
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Table 1 

A summary of the methodologies, major conclusions and implications from this study. 

Data-poor 

species 
Data type Example Method Advantage Major conclusion and implication 

Species in 

rare events 

Zero-

inflated; 

large 

dataset 

Longline 

seabird 

bycatch 

Spatial 

filtering 

Flexible tool; 

easily modified for 

existing models; 

visualize spatial 

patterns; reduce 

computation cost 

Improved model performance; provided 

more detailed spatial patterns 

Species in 

rare events 

Zero-

inflated 

Longline 

seabird 

bycatch 

Geographically 

weighted 

approach 

Flexible tool; 

easily modified for 

existing models; 

visualize spatial 

patterns; allow 

parameter to vary 

Improved model performance; 

relationships between biological 

processes and environmental factors 

varied over space 
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over space 

Species 

with low 

density 

Limited 

information

; spatially 

varied 

population 

dynamics 

Endangered 

white 

abalone 

Spatially 

explicit 

hierarchical 

demographic 

model 

Incorporate high 

uncertainty; 

account for Allee 

effect 

Density greatly affected population 

growth; stocking larger abalones may 

increase density but decrease 

intermediate-size proportion; restoration 

needs to consider Allee effect at low 

density and carrying capacity at high 

density; needs to balance the increase in 

density and the increase in intermediate-

size proportion; needs to balance lab 

cost and efficacy of outplanting 

Species 

with low 

density 

Limited 

information

; spatially 

varied 

population 

Endangered 

white 

abalone 

Nonstationary 

analysis 

Allow parameter 

to vary over space; 

easily applied 

Decline of catch varied over space; no 

significant association between decline 

rate and environmental factors; 

restoration needs to consider spatial 

nonstationarity; further exploration of 
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dynamics the association between decline rate and 

environmental factors at both local and 

global scale is warranted 
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Appendix A 

Table 1 

Performace of the 108 spatial weighting matrices and the PCNM method for the POP data. The best spatial weighting matrics selected 

are shown in bold. 

Ba Ab m # posc 

Positive sub-model 
 

Probability sub-model 

# 

seld 
AIC 

Obs 

MCe 

BL 

MCf 

SF 

MCg  
# sel AIC 

Obs 

MC 

BL 

MC 

SF 

MC 
AUC 

MST F1 - 4422 0 142.342 0.008 0.009 0.009 
 

3 748.275 0.010 0.003 ! 0 0.894 

 
F2 0.5 9010 0 142.342 0.011 0.013 0.013 

 
3 748.741 0.010 0.003 ! 0 0.894 

  
1 5862 0 142.342 0.008 0.010 0.010 

 
3 748.476 0.010 0.003 ! 0 0.894 

  
2 4438 0 142.342 0.008 0.009 0.009 

 
3 748.294 0.010 0.003 ! 0 0.894 

  
3 4422 0 142.342 0.008 0.009 0.009 

 
3 748.276 0.010 0.003 ! 0 0.894 

 
F3 0.5 9699 0 142.342 0.034 0.037 0.037 

 
3 749.593 0.011 0.003 0.001 0.894 
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1 9536 0 142.342 0.040 0.045 0.045 

 
2 748.441 0.011 0.004 0.001 0.895 

  
2 5284 1 139.844 0.048 0.056 0.038 

 
4 746.894 0.013 0.004 0.001 0.898 

  
3 3919 3 140.483 0.049 0.059 0.029 

 
9 746.255 0.014 0.005 0.001 0.905 

 
F4 0.5 1938 2 141.624 0.035 0.040 0.020 

 
5 749.652 0.011 0.004 ! 0 0.897 

  
1 2563 1 140.910 0.066 0.080 0.064 

 
8 748.842 0.016 0.006 0.001 0.901 

  
2 3812 2 139.849 0.150 0.172 0.103 

 
8 755.415 0.025 0.013 0.004 0.893 

  
3 4867 2 140.811 0.213 0.237 0.190 

 
10 748.114 0.036 0.023 0.008 0.899 

 
F5 0.5 9781 0 142.342 0.038 0.044 0.044 

 
5 744.424 0.011 0.004 ! 0 0.901 

  
1 11906 1 140.305 0.074 0.084 0.067 

 
7 745.054 0.014 0.005 0.001 0.903 

  
2 11909 1 139.478 0.141 0.158 0.118 

 
8 752.745 0.020 0.010 0.004 0.898 

  
3 11914 1 140.767 0.199 0.219 0.199 

 
8 753.287 0.027 0.016 0.008 0.896 

 
F6 0.5 8970 2 141.099 -0.004 ! 0 -0.011 

 
2 738.064 0.013 0.004 -0.001 0.899 
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1 8948 1 141.650 -0.009 -0.006 -0.014 

 
2 737.139 0.012 0.004 -0.001 0.901 

  
2 8935 1 141.673 -0.009 -0.007 -0.014 

 
2 737.326 0.012 0.003 -0.001 0.901 

  
3 8961 1 141.678 -0.009 -0.007 -0.014 

 
2 737.336 0.012 0.003 -0.001 0.899 

SVG F1 - 4034 0 142.342 0.003 0.002 0.002 
 

1 760.153 0.002 0.001 ! 0 0.882 

 
F2 0.5 9408 0 142.342 0.007 0.007 0.007 

 
2 757.564 0.004 0.001 ! 0 0.885 

  
1 5986 0 142.342 0.004 0.003 0.003 

 
2 758.823 0.003 0.001 ! 0 0.884 

  
2 4043 0 142.342 0.003 0.002 0.002 

 
1 759.561 0.003 0.001 ! 0 0.882 

  
3 4039 0 142.342 0.003 0.002 0.002 

 
1 759.995 0.002 0.001 ! 0 0.882 

 
F3 0.5 10284 1 142.217 0.026 0.028 0.025 

 
2 756.273 0.005 0.002 ! 0 0.887 

  
1 10390 1 142.309 0.035 0.039 0.037 

 
2 741.521 0.008 0.003 ! 0 0.899 

  
2 4890 1 139.978 0.047 0.055 0.038 

 
4 746.869 0.012 0.004 0.001 0.898 

  
3 1934 3 140.444 0.048 0.059 0.029 

 
9 746.146 0.013 0.005 0.001 0.905 
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F4 1/20 4065 1 142.037 0.006 0.005 0.001 

 
2 754.536 0.004 0.001 ! 0 0.887 

  
0.5 1869 2 141.624 0.035 0.040 0.020 

 
5 749.653 0.011 0.004 ! 0 0.897 

  
1 2563 1 140.910 0.066 0.080 0.064 

 
8 748.842 0.016 0.006 0.001 0.901 

  
2 3812 2 139.849 0.150 0.172 0.103 

 
8 755.415 0.025 0.013 0.004 0.893 

  
3 4867 2 140.811 0.213 0.237 0.190 

 
10 748.114 0.036 0.023 0.008 0.899 

 
F5 1/20 8554 1 142.112 0.007 0.007 0.003 

 
2 755.303 0.005 0.001 ! 0 0.886 

  
0.5 11905 0 142.342 0.038 0.043 0.043 

 
5 745.237 0.011 0.004 ! 0 0.900 

  
1 11906 1 140.326 0.074 0.084 0.067 

 
7 744.983 0.014 0.005 0.001 0.903 

  
2 11909 1 139.478 0.141 0.158 0.118 

 
8 752.745 0.020 0.010 0.004 0.898 

  
3 11914 1 140.767 0.199 0.219 0.199 

 
8 753.287 0.027 0.016 0.008 0.896 

 
F6 1/20 11015 1 142.331 0.011 0.011 0.007 

 
1 746.502 0.008 0.002 ! 0 0.892 

  
0.5 9299 0 142.342 -0.065 -0.072 -0.072 

 
2 786.973 -0.007 -0.002 -0.001 0.864 
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1 9284 0 142.342 -0.063 -0.069 -0.069 

 
2 786.998 -0.007 -0.002 -0.001 0.864 

  
2 9303 0 142.342 -0.062 -0.068 -0.068 

 
2 787.009 -0.007 -0.002 -0.001 0.864 

  
3 9341 0 142.342 -0.062 -0.068 -0.068 

 
2 787.011 -0.007 -0.002 -0.001 0.864 

DEL F1 - 7052 2 140.965 0.817 0.802 0.823 
 

32 661.131 0.170 0.165 0.109 0.959 

 
F2 0.5 7119 1 140.310 0.819 0.804 0.818 

 
38 659.871 0.175 0.170 0.109 0.963 

  
1 7054 3 140.864 0.817 0.802 0.801 

 
40 665.163 0.170 0.165 0.097 0.959 

  
2 7052 2 141.008 0.817 0.802 0.819 

 
41 663.974 0.170 0.165 0.098 0.963 

  
3 7052 2 141.210 0.817 0.802 0.821 

 
36 659.887 0.170 0.165 0.106 0.962 

 
F3 0.5 7671 4 141.806 0.834 0.820 0.853 

 
32 683.946 0.205 0.199 0.137 0.942 

  
1 7305 1 142.331 0.821 0.806 0.802 

 
33 670.105 0.186 0.180 0.113 0.948 

  
2 7158 1 142.201 0.817 0.802 0.823 

 
32 655.687 0.177 0.171 0.101 0.954 

  
3 7130 1 142.219 0.817 0.802 0.819 

 
34 657.338 0.175 0.170 0.101 0.957 
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F4 0.5 7098 1 141.290 0.817 0.802 0.821 

 
34 661.477 0.174 0.168 0.108 0.955 

  
1 7181 1 142.226 0.817 0.802 0.824 

 
38 664.522 0.178 0.172 0.105 0.956 

  
2 7400 0 142.342 0.818 0.803 0.803 

 
37 680.159 0.187 0.181 0.106 0.943 

  
3 7602 2 142.076 0.819 0.804 0.854 

 
39 688.248 0.197 0.190 0.116 0.945 

 
F5 0.5 7203 0 142.342 0.819 0.804 0.804 

 
40 655.171 0.180 0.175 0.104 0.962 

  
1 7366 1 142.086 0.821 0.806 0.803 

 
39 682.412 0.188 0.182 0.110 0.943 

  
2 7681 0 142.342 0.824 0.810 0.810 

 
33 684.274 0.202 0.195 0.127 0.939 

  
3 7982 0 142.342 0.828 0.814 0.814 

 
39 672.437 0.214 0.207 0.128 0.944 

 
F6 0.5 7277 0 142.342 0.820 0.805 0.805 

 
0 793.550 0.044 0.041 0.041 0.850 

  
1 7524 0 142.342 0.823 0.808 0.808 

 
0 793.550 0.012 0.010 0.010 0.850 

  
2 7917 0 142.342 0.829 0.815 0.815 

 
0 793.550 0.006 0.005 0.005 0.850 

  
3 8182 0 142.342 0.835 0.821 0.821 

 
0 793.550 0.006 0.004 0.004 0.850 
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GAB F1 - 7562 2 141.548 0.791 0.778 0.759 
 

31 655.610 0.236 0.229 0.130 0.942 

 
F2 0.5 7643 2 141.590 0.793 0.781 0.761 

 
28 655.978 0.240 0.234 0.135 0.937 

  
1 7571 2 141.549 0.791 0.778 0.759 

 
30 656.530 0.236 0.229 0.134 0.944 

  
2 7562 2 141.548 0.791 0.778 0.759 

 
32 655.405 0.236 0.229 0.129 0.940 

  
3 7562 2 141.548 0.791 0.778 0.759 

 
31 655.610 0.236 0.229 0.130 0.942 

 
F3 0.5 8150 2 141.666 0.808 0.797 0.780 

 
32 650.798 0.272 0.265 0.150 0.937 

  
1 7791 2 141.609 0.794 0.782 0.763 

 
27 652.249 0.250 0.243 0.143 0.936 

  
2 7649 2 141.548 0.791 0.778 0.759 

 
29 661.572 0.240 0.234 0.136 0.936 

  
3 7618 2 141.558 0.791 0.778 0.759 

 
30 656.746 0.239 0.232 0.134 0.940 

 
F4 0.5 7604 2 141.556 0.791 0.778 0.759 

 
32 656.092 0.238 0.231 0.134 0.945 

  
1 7663 2 141.552 0.791 0.778 0.759 

 
30 661.928 0.241 0.234 0.139 0.939 

  
2 7822 2 141.590 0.791 0.779 0.759 

 
27 649.998 0.249 0.242 0.136 0.935 
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3 7982 2 141.460 0.792 0.780 0.761 

 
23 652.787 0.257 0.250 0.144 0.932 

 
F5 0.5 7702 2 141.392 0.793 0.780 0.767 

 
31 646.898 0.244 0.237 0.132 0.940 

  
1 7832 2 141.615 0.794 0.782 0.763 

 
27 651.404 0.251 0.244 0.138 0.936 

  
2 8076 1 141.731 0.798 0.786 0.780 

 
30 664.559 0.264 0.257 0.153 0.932 

  
3 8308 2 141.583 0.801 0.790 0.772 

 
36 656.903 0.276 0.268 0.154 0.940 

 
F6 0.5 7779 0 142.342 0.794 0.781 0.781 

 
1 786.021 0.245 0.238 0.236 0.859 

  
1 7977 0 142.342 0.796 0.784 0.784 

 
0 793.550 0.218 0.212 0.212 0.850 

  
2 8294 0 142.342 0.801 0.790 0.790 

 
0 793.550 0.100 0.095 0.095 0.850 

  
3 8523 0 142.342 0.807 0.796 0.796 

 
0 793.550 0.040 0.037 0.037 0.850 

REL F1 - 7936 1 141.490 0.773 0.768 0.763 
 

13 765.637 0.276 0.268 0.244 0.883 

 
F2 0.5 7997 1 141.491 0.775 0.770 0.766 

 
10 765.188 0.280 0.272 0.248 0.879 

  
1 7940 1 141.490 0.773 0.768 0.763 

 
13 765.723 0.276 0.268 0.244 0.883 
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2 7936 1 141.490 0.773 0.768 0.763 

 
13 765.637 0.276 0.268 0.244 0.883 

  
3 7936 1 141.490 0.773 0.768 0.763 

 
13 765.637 0.276 0.268 0.244 0.883 

 
F3 0.5 8466 2 140.020 0.792 0.787 0.781 

 
10 768.321 0.312 0.304 0.279 0.880 

  
1 8119 1 141.489 0.776 0.771 0.767 

 
8 766.813 0.288 0.280 0.256 0.877 

  
2 7995 1 141.489 0.773 0.768 0.763 

 
12 765.244 0.279 0.271 0.247 0.882 

  
3 7976 1 141.489 0.773 0.768 0.763 

 
13 765.918 0.278 0.270 0.246 0.883 

 
F4 0.5 7959 1 141.489 0.773 0.768 0.763 

 
12 766.076 0.277 0.269 0.245 0.881 

  
1 8004 1 141.489 0.773 0.768 0.763 

 
12 765.239 0.279 0.271 0.247 0.882 

  
2 8114 1 141.489 0.773 0.768 0.764 

 
12 765.025 0.285 0.277 0.250 0.883 

  
3 8252 1 141.488 0.774 0.768 0.764 

 
11 763.585 0.292 0.283 0.258 0.883 

 
F5 0.5 8039 1 141.489 0.775 0.769 0.765 

 
11 764.429 0.283 0.275 0.251 0.882 

  
1 8147 1 141.489 0.776 0.771 0.767 

 
9 766.577 0.289 0.281 0.256 0.878 
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a: The B refers to the connectivity matrix. 

b: The A refers to the spatial weighting function matrix. 

c: the number of positive spatial filters generated from a spatial weighting matrix. 

d:  the number of spatial filters selected into the sub-model. 

e:  the Moran’s I coefficient of the observations. 

  
2 8361 1 141.491 0.779 0.774 0.770 

 
12 766.913 0.300 0.292 0.268 0.882 

  
3 8545 2 141.166 0.783 0.777 0.773 

 
10 766.719 0.311 0.302 0.276 0.879 

 

F6 0.5 8108 1 141.489 0.775 0.770 0.766 

 

5 786.117 0.285 0.277 0.268 0.866 

  
1 8277 0 142.342 0.778 0.773 0.773 

 
0 793.550 0.275 0.267 0.267 0.850 

  
2 8562 0 142.342 0.783 0.778 0.778 

 
0 793.550 0.180 0.175 0.175 0.850 

  

3 8761 0 142.342 0.788 0.783 0.783 

 

0 793.550 0.088 0.085 0.085 0.850 

PCNM - - 2271 0 142.342 -0.015 -0.014 -0.014 
 

3 748.497 0.010 0.002 ! 0 0.894 
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f:  the Moran’s I coefficient of the response residuals for the baseline model without spatial dependence considered. 

    g:  the Moran’s I coefficient of the response residuals for the model modified with spatial filters. 
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Figure 1. Empirical and fitted variograms for logrithm of the positive catch data (a), and the 

presence/absence data (b) of seabird bycatch. Distance (102 km) is the Euclidiean distance 

between two locations. 
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