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ABSTRACT 

The rapid development in social media networks and information technology in-

novations has brought revolutions in regional development and transportation systems. 

For example, in the hospitality business, short-term rental of residential hous-

es/apartments is challenging the traditional hotel business, and ridesharing is changing 

people’s travel behavior in both short term (e.g., departure time and route choice) and 

long term (e.g., car ownership). People no longer make decisions individually; instead, 

they connect with each other more closely both geographically and virtually (i.e., via 

social media online). Most traditional spatial econometric models address the interde-

pendencies among decision makers using an exogenous weight matrix, which is usually 

specified by geographic distances or socioeconomic distances. However, such specifica-

tion becomes limited and inappropriate when the peer effect is formed by virtual 

connections online, and thus the weight matrix becomes endogenous. Therefore, this 

dissertation develops an innovative spatial count data model with endogenous peer 

effects, which will enrich the traditional spatial research by considering the influence of 

“virtual space”, i.e., how the spatial activities are enforced or influenced by the peer 

effects generated by socioeconomic interactions. Specifically, the proposed model 

consists of three parts: the first part is a Poisson spatial autoregressive regression model 

for count data (i.e., small positive integers); the second part characterizes virtual connec-

tions among observations by introducing an entry equation, which enters the definition 

of the weight matrix; and the last part takes into account the endogenous peer effect by 

allowing the first two parts to be correlated with each other. For model estimations, the 

Bayesian Blocked Metropolis Hasting within Gibbs Sampling algorithm is used, and the 

model is validated using Monte Carlo simulations. To do so, a series of simulated 

datasets are generated to evaluate the robustness of the model, and all validation results 

show satisfactory parameter recovery capability. In the end, the proposed model is used 

to analyze popular sharing economy activities in the hospitality business. Two empirical 

applications, focusing on the number of Airbnb establishments in each census block 

group and the number of reviews received by the each Airbnb listing in the Manhattan 

area, are analyzed using the proposed model. Based on the model estimates, the potential 
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influential factors of Airbnb establishments are identified, and the applicable value of the 

proposed model is demonstrated.  

 

Key words: Peering effects; Endogenous weight matrix; Poisson regression; Spatial 

autoregressive models; Sharing economy activity; Airbnb   
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1. Introduction 

 The rise of social media network and the advent of smartphones have intensified 

the socioeconomic interactions among people. This new trend has brought revolutions in 

regional development and transportation systems. For example, in the hospitality busi-

ness, short-term rental of residential houses/apartments is challenging the traditional 

hotel business, and ridesharing is changing people’s travel behavior in both short term 

(e.g., departure time and route choice) and long term (e.g., car ownership). People are 

connected with each other more closely instead of acting in isolation while making 

decisions. This dissertation develops an advanced spatial econometric model to help the 

research community and practitioners to fully understand these new connections. This 

chapter will first discuss the motivations behind the study, followed by an overall 

description of the background of the study, the problems presented, and summarized 

with the objectives of this dissertation. 

1.1 Motivation and overview 

 The advancement in information technology and GPS-enabled devices are 

changing the way people connect. Traditionally, people’s spatial activities are interde-

pendent mainly because of their geospatial proximity, which is the behavioral foundation 

of spatial econometrics. Nowadays, however, the information technology has enabled 

decision makers to go beyond the spatial constraints and interact extensively in the 

virtual space, such as the many online (and in recent years, mobile) transaction platforms 

and social networks.  

 This new trend creates two key questions: First, the two layers of connections 

(i.e., the geospatial proximity and virtual space connection) are often intertwined, so 

how can their effects be disentangled? Second, people’s spatial activities are not only 

influenced by these two types of connections, but are also reshaping the connection 

structure. For example, people who carpool together may develop even stronger social 

connections because of the interactions in their travel activities. How can we capture this 

mutual interaction effect using a new econometric method?  

 Spatial econometric models emerged in late 70’s as a hybrid of spatial analysis 

and econometrics (Klaassen, Paelinck and Wagenaar, 1979). They differ from traditional 



 

 
 
2 

econometric regression models by relaxing the Gauss-Markov assumptions,  such as 

independences between observations, and allowing for both spatial dependence and 

spatial heterogeneity in the model (Anselin and Griffith 1988; LeSage 1999).  

A fundamental element in spatial econometric models is the definition of the 

weight matrix, which is used to quantify the locations of the observations, and it is 

usually defined by distance or continuity between the spatial units. For a very long time, 

the weight matrix is treated as exogenous in the literature, meaning that the spatial 

dependency is influencing the activities, not the other way around. However, this as-

sumption is likely to be violated in empirical applications (Anselin and Bera 1996; 

Pinkse and Slade 2010). For example, when an “economic” or “friendship” distance is 

used to construct the weight matrix, such as the trade volume between neighboring cities 

(Cohen and Paul 2004) and the friendship relationship in a social network (Hsieh and 

Lee 2014), it is very likely that these elements are correlated with the behavioral out-

comes, implying an endogenous weight matrix. This assumption is even more likely to 

be violated in the technology era, especially for activities generated by the sharing 

economy.  

The sharing economy, which is defined as “a hybrid market model with peer-to-

peer-based sharing of access to goods/services through community-based online services 

(Hamari, Sjöklin and Ukkonen, 2015).”, is a phenomenon enabled by the development in 

social networks, mobile devices and electronic markets. Many activities under the 

umbrella of “sharing economy” are influenced by people’s connections and also 

strengthen such connections in return. One example is the short-term house rental 

enabled by Airbnb, which provides an online platform for tenants and homeowners to 

communicate directly. The number of Airbnb establishments in a neighborhood is 

directly influenced by the local competition (which can be evaluated based on the 

geospatial proximity) as well as the pricing strategies and online reviews of similar 

houses, whose information is shared on the Airbnb platform. The latter can be interpret-

ed as peer effects generated by the virtual space. In return, the number of transactions 

will influence the pricing strategies and reviews, forming a feedback loop. Another 

example is in the freight transport system -- the warehouse sharing. The real-time 

information sharing among the trucking companies allow logistics companies to share 
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their warehouse and fleet capacity with each other to reduce operation costs and improve 

flexibility. Such activities further reinforce companies’ connections and reshape their 

collaborative strategies. As a result, spatial clustering or intentional dispersion of their 

physical facilities can be observed.  

Figure 1.1. Relationship between spatial activities and decision maker connections 

  

 In short, today’s spatial activities are being reshaped: 1) decision makers are 

connected because of both geographical proximity and their virtual-space connections 

enabled by information sharing; 2) the two layers of connections influence the decision-

making processes and consequently the spatial activities; and 3) the decisions and the 

resulting activities will have a “feedback” effect to the existing connections. The com-

parison between the traditional and newly developed spatial interactions is illustrated in 

Figure 1.1.  

Meanwhile, thanks to the emergence of big data, more disaggregate data have 

become available. As a result, instead of a large count that is often treated as a continu-
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ous value, many data sets describe spatial activities as small integer values (e.g., daily 

trip frequency of a person, number of new businesses in a zip code area opened in a 

month, etc.) In econometrics, a count data model is best suited to such data characteris-

tics.  

Count data modeling has been widely used in regional science analysis, such as 

firm location choices, labor mobility analysis, and household vehicle ownership studies 

(Mühleisen and Zimmermann 1994; Pickrell and Schimek 1999; Winkelmann 2013; 

Bhat, Paleti and Singh, 2014) . For a long time, the count data model has assumed spatial 

independence across observational units, which results in biased and inconsistent esti-

mates (Aguero-Valverde and Jovanis 2006; Franzese Jr and Hays 2008; Parent and 

LeSage 2008). While the effects of spatial interaction have been studied extensively in 

the spatial econometric literature, most of the applications are limited in the case of 

continuous dependent variables, and the analysis for count data models did not occur 

until very recently (Castro, Paleti and Bhat, 2012). Estimation methods for the endoge-

neity problem have been just recently explored in spatial econometrics (Kelejian and 

Piras 2014; Qu and Lee 2015), and there is no existing model proposed for the case of 

count data, due to technical complications.  
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1.2 Objectives 

 The goal of this dissertation is thus to develop, estimate, and apply an innovative 

econometric model that considers the geospatial and virtual connections between count 

data. Such a model should recognize that: (1) connections have two layers: geographic 

proximity and virtual space connections, which may be intertwined; and (2) connections 

are endogenous: spatial activities and the connection structure may affect each other.  

 To do so, a Poisson lognormal spatial autoregressive model with an endogenous 

weight matrix is developed. The model borrows the ideas from Han and Lee (2016),  

Hsieh and Lee (2014), and Han (2014), who explicitly addressed the endogeneity 

problem in a spatial autoregressive model. The definition of the weight matrix is com-

posed by two components: the first one is generated from an entry Equation describing 

the virtual space connections, and the second one is the traditional distance matrix used 

to quantify the geographic proximity. The endogeneity occurs when the error terms in 

the spatial autoregressive Equation and the entry Equation are correlated. In other words, 

the weight matrix is no longer independent from error terms in the spatial autoregressive 

model. To model the count data, a Poisson lognormal hierarchical structure is used, and 

the latent variables are modeled by the spatial autoregressive structure.  

 The accuracy and robustness of the model are tested by a series of sensitivity 

analysis with different parameter settings using simulated data. For each scenario, the 

steps include: (1) the parameter values are defined; (2) random samples are simulated 

using the pre-defined parameters; (3) the Bayesian Markov Chain Monte Carlo (MCMC) 

approach is used to estimate the model; (4) the model estimates are compared with the 

pre-defined true parameters values. If the differences are within the allowance range, the 

model is considered as valid.  

 After the model is validated, it is applied to the Airbnb data to understand how 

spatial connections and the sharing economy activities are influencing each other. The 

results from the application not only show the model’s applicable values in practice, but 

also provide insights for people to understand the sharing economy activities in general.  

 This dissertation will contribute to the regional science community in the follow-

ing key areas: 
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1. It will improve the understanding of the virtual space interactions generated in 

the information technology era, which will help the regional scientists, policy 

makers and business stakeholders to develop better economic strategies and plans. 

2. It will fill the gap in spatial econometric literature by developing a behavioral-

consistent model for event occurrence subject to the influence of peer effects, 

which can be used for market demand prediction and consumer behavior analysis.   

3. The empirical analysis on the development of Airbnb establishments in New 

York City will provide insights into the special features of today’s sharing econ-

omy activities.  
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2. Literature review 

This chapter first provides an overview of the methodologies used in spatial 

econometrics, which begins with a discussion of the fundamental aspects, and then 

extends to specific topics that are closely related to the innovative model proposed in 

this dissertation. Methods for specifying and estimating these models are compared and 

discussed. Then the chapter discusses common models for count data and the existing 

spatial models of count data responses. Last but not least, the chapter introduces the 

endogeneity problem in the literature and emphasizes the discussion on the endogenous 

weight matrix in spatial econometrics.  

2.1 Spatial econometric models 

Spatial econometric models are developed to deal with the spatial interaction and 

the spatial heterogeneity presented in both cross-sectional and panel data (Anselin 2001). 

While in the past these models are primarily used in specialized economic areas such as 

real estate, agriculture, geography, transportation and urban studies (Pace, Barry and 

Simans, 1998; Anselin 1999; Anselin 2002), they have gained increased popularity in a 

wide range of fields in recent years. For example, Okuyama and Chang (2013) studied 

the spatial similarities among disasters caused by natural and human-induced events; 

Desmet and Rossi-Hansberg (2015) used a dynamic spatial econometric model to 

analyze the economic impact of global warming; and Park, Rajagopal, Dillon and 

DeSarbo, 2017) developed a Bayesian hierarchical spatial model to accommodate 

various forms of consumer heterogeneity in brand positioning.  

 Two main reasons come to mind when trying to explain the importance of taking 

into account the spatial interaction and heterogeneity in econometric models: collabora-

tive activities and peer group effects from interacting agents (e.g., neighbors, co-workers, 

social media friends) require a model that specifies the spatial correlation explicitly; 

even when the spatial relationship is not the focus of the study, spatial econometric 

models are still needed to ensure unbiased and robust model estimates from georefer-

enced data.  

 Florax and Van Der Vlist (2003) provide an extensive summary of explanations 

for the late birth but rapid growth in spatial econometrics. For a very long time, classical 
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economists and statisticians were occupied by the development of time series models. It 

is somewhat logical - temporal data has one dimension; while spatial data has two- it 

makes sense to begin the study with a simpler phenomenon. Three equally important 

events have finally pushed the development of spatial econometric: the establishment of 

an interdisciplinary field - regional science (Isard 1972), the emergence of new econom-

ic geography (Fujita, Krugman, and  Venables, 1999; Florax and Nijkamp 2003; Fujita 

and Krugman 2004), and the popularity of neighborhood effects in sociology (Abbott 

1997).  Another reason of the development in spatial econometrics is related to the 

increasing availability of the geospatial data. The burgeoning technology innovations, 

such as Geographic Information Systems, Global Positioning Systems and remote 

sensing technology, have contributed to easy access and use of spatial data. The rapid 

development in spatial econometrics in the last two decades is also thanks to the advanc-

es in computational efficiency. Spatial data can be large scale and the computational 

complexity usually increases exponentially with the size of the data (Nelson 2002). As a 

result, various modeling methods and estimation techniques have been developed in the 

recent literature. In the meantime, many easy-to-use software packages have become 

available for spatial econometric analysis, such as SpaceStat (Anselin 1995), LeSage’s 

Matlab toolkit (LeSage 1999),  and several packages developed in R (Piras 2010; Bivand 

2017) and Python (Rey and Anselin 2010).  

In general, existing spatial econometric models can be divided into three groups: 

spatial filtering, geographically weighted regression, and spatial stochastic process 

models. The first two approaches are used to account for the spatial interac-

tion/dependency and spatial heterogeneity, respectively; the third one provides a more 

flexible structure that incorporates both the spatial dependency and heterogeneity in the 

model directly.  

The first approach - spatial filtering – focuses on dealing with the spatial interac-

tion/dependency among the observations. This method transforms a spatially dependent 

variable into an independent one by partitioning it into a “filtered” non-spatial variable 

and a residual spatial variable (Griffith 2013). Of the approaches used to separate/”filter” 

the spatial component, the Getis filtering approach (Cliff and Ord 1981; Ord and Getis 

1995) and the Eigen value decomposition approach (Griffith 1996; Griffith 2000) are the 
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most popular ones [see Wang, Kockelman and Wang (2011) for a comprehensive review 

and comparison between these two methods]. A large portion of the spatial filtering 

literature also comes from fields such as ecology (Diniz‐Filho and Bini 2005; Jacob, 

Disnar and Bardoux, 2008), optical imaging (Bradby, 2001) and economic analysis 

(Tiefelsdorf and Griffith 2007; Patuelli, Griffith, Tiefelsdort and Peter Nijkamp, 2011). 

For applications in land use development and transportation studies, Nelson and 

Hellerstein (1997) estimated a cross-section model of land use for a region in central 

Mexico and the effects of reduced human activity were studied; Wear and Bolstad (1998) 

studied the land use changes in the Southern Appalachians; Chun (2008) and Chun and 

Griffith (2011) applied the spatial filtering approaches to model the interstate migration 

flows in the U.S.  

The second class of models - geographically weighted regression (GWR) – is 

usually used to characterize spatial heterogeneity. This model is based on the simple idea 

of estimating the parameters for a local spatial unit using the information from its 

neighbors, which involves the selection of the bandwidth of a pre-defined spatial weights 

kernel (Fotheringham et al., 2003). The model allows the relationships in a regression 

model to vary over space, and thus the coefficients are no longer the same for all obser-

vations. This method was first proposed by Stewart Fotheringham et al. (1996) in 

geography and applied in the fields of ecology (Zhang and Shi 2004),  biology (Shi et al., 

2006) and geography (Malczewski and Poetz 2005). The model is also widely used in 

urban growth and transportation development studies.  Zhao and Park (2004) applied the 

model for the estimation of annual average daily traffic, and proved that GWR provides 

more accurate and meaningful estimates as compared to the ordinary least square 

regression models. Paez (2006) proposed a probit GWR model to explore the land use 

change near California’s Bay Area Rapid Transit (BART) lines. Ghosh and Manson 

(2008) presented a hybrid model using robust principal component analysis and GWR to 

exam the urbanization in the Twin Cities Metropolitan Area of Minnesota, and the 

effects of various land use, social and environmental factors were studied. Similarly, 

Wang, Kockelman and Wang (2011) studied the land use change in Austin of Texas, 

using a multinomial logit GWR model. Cardozo et al. (2012) used a GWR model to 

forecast the transit ridership at station-level in Madrid, Spain. More recently, this method 
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has also been widely used in the housing price market (Lu et al. 2014), environmental 

studies (Song et al., 2014) and roadway safety analysis (Chun and Griffith 2011).  

Most of the work in the literature, however, falls in the last group, which formal-

ly incorporates both spatial dependency and spatial heterogeneity into the model 

specification. Similar to time series models, the spatial component for the cross-sectional 

data can either be modeled as a “autoregressive” process or a “moving average” process 

(Anselin and Bera 1998; Anselin 2003). The former case leads to the spatial autoregres-

sive model and the latter case leads to the spatial error model.  

The most general statement of a spatial model is shown in Equation 2.1.  

 

y =   ρ!W!y+ Xβ+ ε (2.1) 

ε = 𝜌!𝑊!𝜀 + 𝛿  

δ~  N(0,𝜎!𝐼!)  

 

Where y contains an n×1 vector of dependent variables and X is a n×k matrix of inde-

pendent variables; W1 and W2 are pre-defined n×n weight matrices that quantify the 

spatial relationships between the observations.  

 When certain restrictions are imposed to the general model, a number of special 

models can be derived. For example, when W2 is equal to zero, the model reduces to a 

spatial autoregressive model (SAR). An extension of the SAR model is the spatial 

Durbin model, which added a lag effect on the independent variables as well. When W1 

is equal to zero, the model becomes a spatial error model (Kelejian and Robinson 1993).  

Applications for both of the models cover a diverse area of regional science, such as 

urban and regional issues (Anselin et al., 2000; Verburg et al., 2002; Overmars, De 

Koning and Veldkamp, 2003; Bhattacharjee and Jensen-Butler 2005; Dendoncker, 

Rounsevell and Bogaert et al., 2007), environmental studies (Bardossy and Plate 1992; 

Lichstein et al., 2002; Kim et al., 2003; F Dormann et al., 2007), and transportation 

network topics (Frazier and Kockelman 2005; Goetzke 2008; Quddus 2008; Castro, 

Paleti and Bhat, 2013). If both W1 and W2 are not zero, the model becomes the Kelejian-

Prucha spatial model (Kelejian and Prucha 1998; Kelejian and Prucha 1999), and an 

additional spatial component of the independent variables will lead to the Manski spatial 
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model (Manski 1993). Elhorst (2010) provided a rather clear figure showing the relation-

ships between the above models, as show in Figure 2.1.  

 

Figure 2.1. The relationships between different spatial dependence models for cross-section data 

[Elhorst, J. Paul. "Applied spatial econometrics: raising the bar." Spatial Economic Analysis 5, no. 1 

(2010): 9-28. Page 12, Figure 1] 

Moving beyond traditional spatial econometric models, some highlights in the 

spatial econometric model extension and development include the spatial panel data 

model [see Elhorst (2009) for a comprehensive review], the spatial models for limited 

dependent variables, such as spatial discrete choice models (Fleming 2004), spatial 

probit and logit models (Dubin 1995; McMillen 1995; LeSage 2000; Beron and 

Vijverberg 2004; Klier and McMillen 2008).  

Existing estimation methods of spatial econometric models include the maximum 

likelihood (ML), the generalized method of moments (GMM), and the Bayesian Markov 

Chain Monte Carlo (MCMC) method.  

The early work dealing with the derivation of the maximum likelihood frame-

work for the spatial autoregressive model and spatial error models was advocated and 

applied in Ord (1975) and Anselin (1988).  Although the ML algorithm is intuitive and it 

can provide consistent estimates for the spatial models (Lee 2004), there are a number of 

limitations. The first one that comes to mind is the mathematical and computational 

difficulty: the method requires the derivation of the likelihood function, which may be 

impossible when the model structure becomes complicated with multiple integrals; even 

if the complex likelihood function can be specified, the computational burden will be 
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high. Next, the ML algorithm for SAR models assumes that the error terms follow a 

multivariate normal distribution, which may not be satisfied under all circumstances. An 

extension of the ML algorithm is the quasi-maximum likelihood algorithm family, which 

includes methods such as the maximum simulated likelihood approach and the compo-

site maximum likelihood approach. Both methods have seen some use recently in 

transportation studies (Wang and Kockelman 2009; Castro, Paleti and Bhat, 2013; Paleti 

and Bhat 2013; Zou, Wang and Zhang, 2017). Although the quasi-maximum likelihood 

method does not rely on the assumption of normally distributed errors, it still requires 

the disturbances to be independently and identically distributed, and the estimation 

process can be computationally demanding when the sample size is large.  

The GMM method (Hansen 1982) was developed to overcome the computational 

challenges of the maximum likelihood algorithm. Conley (1996) and Hansen (1982) first 

applied the GMM method to a spatial error autocorrelation, followed by Pinkse and 

Slade (1998), who used the GMM method to estimate a probit model with spatial errors, 

and Kelejian and Prucha (1999) developed a set of moment conditions to estimate the 

spatial error model. More recently, Pinkse, Slade and Shen (2006)  used a one-step 

GMM method to estimate a spatial logit model with spatial autocorrelations across 

observations;  Liu, Lee and Bollinger (2010) proposed an efficient GMM estimator of 

spatial autoregressive models with computational simplicity and asymptotic efficiency. 

The method has also been extended to the applications of spatial dynamic panel data 

(Fingleton 2008; Chakir and Le Gallo 2013; Lee and Yu 2014). However, the GMM 

algorithm does not allow for endogenous weight matrix (i.e., requires the weight matrix 

and the error terms to be orthogonal) (Klier 2005; Pinkse, Slade and Shen, 2006), and 

standard errors must be derived.  

The development of Bayesian approaches in spatial econometrics was introduced 

by LeSage (1997), who used the Gibbs Sampling method to estimate spatial autoregres-

sive and spatial error models. LeSage (2000) first extended this approach to spatial 

autoregressive and spatial error models of limited dependent variables, and used the 

method to study the crime occurrence in Columbus, Ohio. Later works by Huang, Chin 

et al. (2008), Ma, Kockelman and Damien (2008), and LeSage, Vance and Chih (2017)  

further extended the use of the algorithm to panel data models that allows both temporal 
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and spatial heterogeneity, and hierarchical models, which are commonly used in accident 

and injury studies. A more detailed review of the Bayesian MCMC approach is dis-

cussed in Chapter 3.  
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2.2 Count data models 

In many transportation and urban studies, the variable of interest is a count pro-

cess, for example, the number of business establishments in a neighborhood, the number 

of accidents that occurred in a city, and household vehicle ownership. The ordinary 

least-square regression models are not appropriate for count data since the Gauss-

Markov conditions do not hold. As a result, count data models that only generate 

nonnegative small integer dependent variables are developed. Count data models were 

first used in actuarial science, biostatistics, and demography; they have also been widely 

used in economics, political science, and sociology in recent years (Cameron and Trivedi 

2013). The milestones in the development of count data models include the application 

of maximum likelihood methods for Poisson regression model estimations (Gourieroux, 

Monfort and Trognon, 1984) and the panel count data models developed by Hausman, 

Hall and Griliches (1984).  

One of the most common forms of count data models uses the Poisson distribu-

tion with probability density function: 

Pr 𝑌 =   𝑦! =   
!!!!!!

!!

!!!
 ,       λ ∈ 𝑅!, 𝑦 = 0,1,2,… 

(2.2) 

 

Where Y is the count data, and λ = E Y = 𝑉𝑎𝑟(𝑌) is the mean and variance of the 

predicated Poisson distribution.  

The birth of Poisson regression models took place when the family of “general-

ized linear models” emerged (Nelder and Baker 1972; McCullagh and Nelder 1983; 

McCullagh 1984).  

Other count data models, such as the Poisson-lognormal model and the negative 

binomial model, build on this basic form by further considering heterogeneity. For 

example, the negative binomial regression model, which is also known as the Poisson-

gamma regression model, is developed to overcome the possible over-dispersions in the 

data (i.e., variance larger than the mean)(Cameron and Trivedi 2013). The model as-

sumes that the mean rate of the Poisson distribution follows a gamma distribution: 



 

15 
 

λ = exp Xβ+ ε , exp ε ~gamma(1,α) , and the additional error term allows the 

variance to differ from the mean to account for the potential over-dispersion problems. 

The way the model is specified also shows its limitation – the inability to handle under-

dispersed data, and studies have shown that the model may suffer from estimation 

problems when the sample size and the sample mean are small (Lord 2006; Park and 

Lord 2009).  

Using similar ideas, the Poisson-lognormal regression model is developed by in-

corporating an error term that follows a normal distribution, and it is widely used in 

crash data analysis (Miaou, Song and Mallick, 2003; Aguero-Valverde and Jovanis 2008; 

Lord and Miranda-Moreno 2008).  

While the Poisson lognormal regression model offers more flexibility to the 

model structure, it may still suffer because of small sample sizes and sample means 

(Miaou and Lord 2003). Another limitation that comes with the normal Poisson regres-

sion models is that it cannot accommodate excess zeros in the data.  

As a result, zero-inflated models are developed to handle such problems.  The 

idea is to include a splitting regime in either a Poisson regression model or Negative-

binomial regression model, which uses a binary logit or probit model to classify the zero 

and non-zero counts (Lambert 1992; Lord, Washington and  Ivan, 2005; Washington, 

Karlaftis and Mannering, 2010).  

In recent years, a number of more advanced count data models have been devel-

oped, such as the Conway-Maxwell-Poisson model developed by Shmueli et al. (2005) 

and Kadane et al. (2006), the Gamma model proposed by Oh, Washington and Nam 

(2006), and the generalized additive model by Hastie and Tibshirani (1990).  

Count data variables are common in transportation studies, and the most-widely 

studied one is related to crash occurrence and roadway safety analysis.s (Shankar et al. 

1997; Carson and Mannering 2001; Lee and Mannering 2002; Kumara and Chin 2003). 
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2.3 Spatial count data models 

In the development of spatial count data models, Kaiser and Cressie (1997) intro-

duced the auto-Poisson model, in which a spatial auto-regressive term (ρ W y) is 

added to the definition of the mean (λ) of the count data: λ = exp  (Xβ+ ρWy). To 

estimate the model, the Poisson-based spatial filtering algorithm is developed (Chun 

2008; Griffith 2008). However, the auto-Poisson model has two major limitations: 1) it 

only allows for negative spatial auto-correlations, and 2) the joint likelihood function 

requires a non-closed form that may impede the model estimation (Griffith 2000).  

 In contrast, by involving the spatial component in count data models using either 

a conditional autoregressive (CAR) structure (Besag 1975) or a spatial autoregressive 

(SAR) approach (Whittle 1954), the limitations mentioned above can be relaxed. Both 

models are widely used in transportation studies, especially roadway safety analysis. 

   Song, Ghosh et al. (2006) first developed an “intrinsic” CAR model to analyze 

Texas’s county-based crash data. However, their models did not specifically include a 

spatial autocorrelation coefficient, and thus the spatial effect could not be quantified 

directly. Aguero-Valverde and Jovanis (2008) used a space-time CAR model to analyze 

the fatal crashes in Pennsylvania counties, and compared the model estimates with a 

Poisson lognormal model with only heterogeneity. The authors show that the CAR 

model with spatial auto-correlation presents significantly better fit to the data than the 

Poisson lognormal model without the spatial component. Wang, Quddus and Ison (2009) 

studied the relationship between road accidents and the traffic conditions in London, 

using a series of Poisson based non-spatial models and a Poisson CAR model, and found 

out that the traffic congestion has little impact on the road accident counts. Guo, Wang 

and Abdel-Aty (2010) developed several Poisson and Negative Binomial Bayesian 

models to assess the safety impacts of risk factors for accidents that occurred at intersec-

tions in the state of Florida. The authors explored both a mixed effect model and a CAR 

model to incorporate the corridor-level random effects and spatial correlations and 

concluded that the Poisson CAR model provided the best model fitting. Wang and 

Kockelman (2013) proposed a Poisson-based multivariate CAR model that allows for 
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region-specific heterogeneity, the correlation across different types of responses, and the 

spatial auto-correlations. Zou, Wang and Wang (2016) used this model to analyze the 

truck crash frequency across four temporal intervals during the day, and proved the 

presence of spatial and temporal dependencies among the truck accidents.  

For SAR count data models, Lambert, Brown and Florax (2010) proposed a two-

step estimator for a Poisson SAR model, which assumed spatial dependence across the 

spatial units’ latent rates: ln λ = ρWλ+ Xβ. The model was estimated by a two-stage 

limited-information maximum likelihood method, and the model provided satisfactory 

estimates for the parameters using small sample simulated data.  
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2.4 Endogeneity problem  

2.4.1 General endogeneity problems  

Endogeneity is a common problem in applied econometrics, and it is also perva-

sive in spatial econometrics (Fingleton and Le Gallo 2010). For a simple spatial 

autoregressive model, the endogeneity problem arises when the explanatory variable in 

the Equation are correlated with the error terms (i.e., no longer exogeneous). Suppose Y 

is a N×1 vector of spatially correlated dependent variables, W is a pre-defined N×N 

weight matrix, X is a N×p matrix of explanatory variables, and ε represents the random 

errors that follows a normal distribution:  

 

Y =   ρWY+ Xβ+ ε, ε~N(0,𝜎!) (2.3) 

E Xε ≠ 0  

  

When an explanatory variable is no longer “independent” as it is supposed to be, 

it becomes endogenous. Similarly, the endogeneity problem could also happen when 

E[Yε] ≠ 0, or E[Wε]   ≠ 0. Endogeneity can cause biased model estimates and raise 

complicated identification problems: for example, if an explanatory variable (X) influ-

ences the dependent variable (Y) in the model only when a certain “condition” occurs 

[i.e., X is not exogeneous, it depends on a certain condition, and this “condition” is not 

directly included in the model as an explanatory variable (i.e., it is thus included in the 

error terms)], the model will ignore the effect of this “condition” and always produce a 

high correlation between X and Y, given the observations. Such model estimates, 

however, are biased and inaccurate.  

The next question that naturally comes to mind is - what causes the endogeneity 

problem? The truth is: there are many. Schroeder (2010) explains the sources for the 

endogeneity problem as “a three-leg problem: theory, data, and model specification. 

Failure to support any leg and the entire inquiry is likely to collapse”. One source of 

endogeneity problems that most people are familiar with is the omitted variable (i.e., 

unobserved heterogeneity), meaning that one or more explanatory variables are missing 
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in the model. For example, in a linear regression model, the dependent variable is the 

travel demand in a city, and the independent variables are the population density and the 

employment density in that city. In theory, both variables will have positive influences 

on the travel demand, and there is a positive correlation between these two variables. 

However, if the population density is the only explanatory variable included in the 

model, and the employment density attribute is omitted, the model estimates for the 

population density attribute will be biased – it will “overstate” the effect of population as 

it also includes the positive effect from the employment density attribute. Simultaneity, 

which refers to the “mutual effect” between Y and X (i.e., X causes Y, and Y also causes 

X), is another popular source for endogeneity problems. What’s more, biased samples 

result from self-selection or measurement errors, which can also contribute to the 

endogeneity problem. 

 The scenarios mentioned above can happen to any kind of econometric model. 

For example, in a spatial autoregressive model, the “neighboring effect” captured by 

either a spatial lag component or a spatial error component is essentially endogenous – 

the “mutually influencing effect” or the “reflection problem” discussed by Manski (1993) 

among observations, result in simultaneity and biased model estimates. Luckily, the 

estimation of the endogenous spatial lag has been widely explored in literature (Cliff and 

Ord 1981; Upton and Fingleton 1985; Anselin 1988). Furthermore, the explanatory 

variables in a spatial lag model can be endogenous due to omitted variables, and the two-

stage least square method was used to estimate the model (Kelejian and Prucha 2004; 

Anselin and Lozano-Gracia 2011; Dall'Erba and Le Gallo 2008). For spatial error 

models with endogenous explanatory variables,  Kelejian and Prucha (2007) developed a 

general spatial framework using a non-parametric heteroscedasticity and autocorrelation 

consistent (HAC) estimator of the variance-covariance matrix. Their framework allows 

for endogenous explanatory variables, together with their spatial lags, and exogeneous 

independent variables. Fingleton and Le Gallo (2008) presented an estimation method 

for spatial models with endogenous spatial lags, a spatial error process, and other endog-

enous variables using instrumental variables and generalized method of moments, which 

extended the feasible generalized spatial two-stage least square estimators (Kelejian and 
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Prucha 1998; Fingleton and Le Gallo 2008) and also considered the HAC estimation 

suggested by Kelejian and Prucha (2007). The endogeneity problem gets more difficult 

to handle when arises from the missing data. For spatial autoregressive models, Lee 

(2007) demonstrated that the endogeneity problem can be solved by using the two stage 

least square method; as for other types of spatial econometric models, it remains an open 

question in the literature (Pinkse and Slade 2010). Another interesting yet challenging 

cause of endogeneity in spatial econometric models is related to the choice of locations 

(Pinkse and Slade 2010). For many economic applications, simultaneity exists in the 

relationship between the locations of the spatial units and their corresponding activities.  

For example, is the number of houses sold in a neighborhood a result of average housing 

price in the area? Or is the opposite true: does the average housing price have a causal 

effect on the number of houses sold? Apparently, it could be a two-way mutual effect 

between the two, and such relationship should be taken into account in the modeling 

process. In spatial econometrics, this may be understood as an endogenous weight 

matrix problem, which will be discussed in detail in the next section.  

 Since the endogeneity problem can be a serious issue in spatial econometric 

models, it has raised many researchers’ attention in the field (Ord 1975; Upton and 

Fingleton 1985; Anselin and Kelejian 1997; Pinkse and Slade 2010; Anselin 2013). 

Although the correction of the endogeneity problem can be very challenging and it 

remains inadequately addressed in the literature, there are a few precursors that are 

worth mentioning.  

 The first group of methods to accommodate the endogenous explanatory varia-

bles in the model is the use of instrumental variables, which was first introduced by 

Anselin (1988). Essentially, an instrumental variable that is correlated with the endoge-

nous explanatory variable, and is independent with the error terms, is selected and used 

in the model specification. Many applications have used the standard instrumental 

variable methods – two stage least squares and generalized method of moments – to 

account for the endogeneity problem in their models (Windmeijer and Santos Silva 1996; 

Kelejian and Prucha 1998; Kelejian and Prucha 1999; Kelejian, Prucha and Yuzefovich, 

2004; Kelejian and Prucha 2010). Since then, several alternatives have been derived in 
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the instrumental method family. For example, Blundell and Powell (2004) developed a 

two-step control function approach to account for the endogenous explanatory variables 

in binary choice models and used the model to analyze the labor market in Britain. This 

method has also been used in residential location choice models and consumer choice 

models (Guevara and Ben-Akiva 2006; Lee 2007; Petrin and Train 2010). Another 

method that belongs to the family of instrumental variables is the special regressor 

approach, which was first used in Lewbel (1998) and popularized by the author’s 

application to binary choice models (Lewbel 2000). The method has since been widely 

used in various limited dependent variable models (Ai and Gan 2010; Lewbel et al., 

2012; Kalisa, Riddel and Shaw, 2016). Other popular methods in this family include the 

nonparametric dual approach (Matzkin 2004) and the Berry, Levinsohn and Pakes (BLP) 

approach proposed by Berry, Levinsohn and Pake (1995), and extended by Gutberlet 

(2014) to account for the unobserved heterogeneous spatial effects in location choice 

models. The limitation of the instrumental variable method is obvious: it is not always 

easy to find an appropriate instrumental variable for the endogenous attribute in the 

model. To overcome this challenge, the latent variable approach was born.  

 A latent variable is something that is not observable directly but can be inferred 

from other variables that can be measured from the observed data. The idea of using 

latent variables to solve the endogeneity problem is straightforward: the omitted variable 

can be treated as a latent variable in a set of structural Equations, which is modeled as a 

function of selected observable attributes. As a result, the endogeneity problem can be 

addressed without finding a satisfactory instrumental variable. Ben-Akiva and Boccara 

(1995) first used this method to develop a discrete choice model with latent choice sets, 

and Ben-Akiva et al. (2014) further provided a comprehensive review of the latent 

variables approach for discrete choice models. Guevara and Ben-Akiva (2009) compared 

the use of the control function approach and the latent variable method in addressing 

endogeneity in discrete choice models and concluded that both methods can enhance 

each other. For count data model applications, Castro, Paleti and Bhat (2012) proposed a 

latent variable-based generalized ordered response framework for count data models that 

accounts for both spatial and temporal dependence and applied the model to predict 
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crash frequency at urban intersections in Arlington, Texas. Enlightened by this study, 

Bhat et al. (2014) developed a count model framework with endogenous multinomial 

probit selection model to analyze the crash frequency at urban intersections in Irving, 

Texas, and the model was estimated by the maximum approximate composite marginal 

likelihood inference approach.   

2.4.2 Endogenous weight matrix in spatial econometrics 

In most spatial econometric studies, the weight matrix is assumed to be an exog-

enous known constant (Anselin and Bera 1998; Kelejian and Prucha 1998; Lee 2004; 

Lee 2007). The assumption is true when the geographic distance or continuity is used to 

quantify the location and neighbors in the model, as the geographic distance or continui-

ty between each pair of spatial units is independent from the others.  

However, the weight matrix can be defined differently in empirical analysis. For 

example, Cohen and Paul (2004) studied the effects of public infrastructure investment 

on private enterprises, especially for their costs and productivity. To account for the 

spatial spillover effect, the authors defined the weight matrix by the “share of value of 

goods shipped”: the weight for state i and state j is the share of value of goods shipped 

from state i to state j, divided by the total value of goods shipped from state i to all other 

states (i.e., its neighbors). This definition is likely to introduce endogeneity into the 

model as the “share of value of goods shipped” for one state is dependent on the share of 

value of goods shipped in other states.  

Another example is the study conducted by Parent and LeSage (2008), who used 

a spatial CAR model to investigate the knowledge spillovers in patent activities in 

European regions. Since the “economic distance” (defined by GDP ratios) is used to 

construct the weight matrix, it is very likely that the exogenous spatial weight assump-

tion is violated. Similarly, the weight matrix may become endogenous when it is defined 

by trade flows (Behrens, Ertur and Koch, 2012) or friendship (Hsieh and Lee 2014). 

Even for the applications in which the geographic distance is used to define the proximi-

ty between spatial units, the weight matrix can be endogenous if locations of each 
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individual involves a decision process (e.g., neighborhood choices) (Dredge and 

Gyimóthy 2015).  

Although use of instrumental variables, latent variables and other strategies to 

accommodate the endogeneity problem is common in the literature of spatial economet-

rics, studies that employ these methods to the question of endogenous weight matrix are 

relatively few in number. Exceptions include Kelejian and Piras (2014), who suggested a 

consistent and asymptotic normal  instrumental variable estimate for a general spatial 

panel model with an endogenous weight matrix. An application of the model was also 

carried out to study the demand of cigarettes using data from 46 US states over the 

period 1963 to 1992. Chandrasekhar and Lewis (2011) showed that when social connec-

tions are used to formulate the weight matrix, the instrumentation technique will no 

longer work since the “the measurement error in the instrument will be correlated with 

the measurement error in the endogenous variable”. The authors then provided two 

strategies to overcome the endogeneity problem: analytical corrections and a two-step 

estimation graphical model.  

Similarly, Patacchini and Zenou (2012), Goldsmith-Pinkham and Imbens (2013) 

and Hsieh and Lee (2014) have addressed the endogenous issues of network formation in 

social interaction and friendship network models. Before going into the estimation of a 

spatial model with an endogenous weight matrix, Cheng and Lee (2017) constructed a 

Hausman specification test and implemented a Lagrange multiplier test to exam if a 

weight matrix is endogenous.  

More recently, a number of parametric modeling approaches have been devel-

oped to quantify the effect of the endogenous weight matrix. Dredge and Gyimóthy 

(2015) explicitly proposed a spatial autoregressive model with an endogenous weight 

matrix. The authors incorporated the endogenous weight matrix in the model by intro-

ducing an “entry Equation” that will “enter” the definition of the weight matrix. When 

the correlation between the error terms in the entry Equation and the disturbances in the 

spatial autoregressive model Equation is not equal to zero, the endogeneity is introduced 

to the weight matrix. The authors also explored three estimation methods: 1) two-stage 

instrumental variable method, 2) maximum likelihood estimation approach, and 3) the 
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general method of moments. The consistency and asymptotic normality of these estima-

tors were established through a Monte Carlo simulation.  

Han and Lee (2016) extended this univariate spatial model to panel data applica-

tions, the weight matrix was modeled as a time-varying endogenous component. The 

authors estimated the model by a Bayesian MCMC method and applied the model to 

study the spillover effects of state Medicaid spending. Using similar ideas, Hsieh and 

Lee (2014) used a SAR model with an endogenous weight matrix to study the selection 

bias in the friendship formation process of a social interaction model. While the previous 

empirical studies focuses on the continuous dependent variable only, Zhou, Wang and 

Holguin-Veras (2016) extended the model framework to binary choice models, and 

applied the model to a simplified firm relocation choice problem.  
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3. Model specification 

3.1 Introduction 

This chapter discusses the model specification of the proposed Poisson lognormal 

spatial autoregressive (PLSAR-EW) model with an endogenous weight matrix. The 

model begins with a Poisson lognormal regression model structure, and then adds in a 

spatial component using an autoregressive structure; next, a set of entry Equations and a 

flexible variance-covariance matrix are introduced to the hierarchical model structure to 

account for the endogeneity component.  

Count data model is widely used in understanding a wide range of transportation 

and urban planning problems, such as land development, household vehicle ownership, 

and roadway safety studies. The development of the proposed model aims to contribute 

to the existing literature by extending the spatial econometric models for count data with 

an endogenous weight matrix.  

What’s more, the introduction of the entry Equation to the weight matrix allows 

the model to capture a new form of spatial connection – virtual connections, among the 

observations.  As a result, the proposed model can be used to understand both the new 

activities that have emerged in the information era, for example, transportation and 

traveling activities that occurred under the umbrella of sharing economy, and the tradi-

tional spatial correlations defined by the geographic proximity.  

3.2 Model specification 

3.2.1 The Poisson lognormal spatial autoregressive model 

The proposed model is inspired by the existing works of Andriotis and 

Agiomirgianakis (2014) and Han (2014), who have developed a spatial autoregressive 

model for continuous variables with an endogenous weight matrix. In their works, two 

Equations are defined: a spatial autoregressive Equation and an entry Equation that 

defines the weight matrix. The weight matrix becomes endogenous when the error terms 

in the two Equations become correlated with each other. Using similar idea, the pro-
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posed hierarchical model for count data can be specified in three steps, as demonstrated 

in Figure 3.1: 

 

Figure 3.1. The hierarchical model structure 

In the first stage, a Poisson lognormal regression model is defined:  

Where: 

𝑌! = (𝑦!,𝑦!,… ,𝑦!)! is a N×1 vector of dependent variables (i.e., observed counts 

from spatial unit one through N) that follow a Poisson distribution, and the expected 

count of 𝑦! is 𝜆!;                         

Y!∗ = ln  (𝜆!) =    (𝑦!∗,𝑦!∗, ,… ,𝑦!∗ , )!  is a N×1 vector of latent variables generated 

from the natural log link function; 

Poisson lognormal spatial 
autoregressive model with 
endogeneous weight matrix	  

Error terms in the two parts 
below are correlated  

(Equation 3.7) 

Poisson lognormal spatial 
autoregressive model 
(Equation 3.1 and 3.3) 

Poisson lognormal 
regression model 

(Equation 3.1 and 3.2)  

Spatial autoregressive 
model 

(Equation 3.3) 

Newly defined weight 
matrix  

(Equation 3.4, 3.5 and 
3.6) 

𝑌! =   𝑃𝑜𝑖𝑠𝑠𝑜𝑛  (𝜆!) (3.1) 

Y!∗ = log  (𝜆!) =   𝑋!!𝛽!! + 𝐸! (3.2) 
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𝑋!! is a N×k1 matrix of exogenous independent variables; 

𝛽!! is a k1×1 vector of parameters for exogenous independent variables; and 

𝐸! = (𝜖!, 𝜖!,… , 𝜖!)!  is a N×1 vector of i.i.d. random errors that follows a normal 

distribution N (0, 𝜎!!𝐼)。  

 

Next, an autoregressive spatial component is added to the natural link function 

(Equation 3.2) of the Poisson lognormal regression model:  

 

Y!∗ = log  (𝜆!) =   ρ𝑊!𝑌!∗ + 𝑋!!𝛽!! + 𝐸! (3.3) 

 

Where: 

        ρ  is the spatial autocorrelation coefficient that ranges from zero to one; and 

 𝑊! is a N×N weight matrix that defines the spatial connection structure amongst 

the spatial units, which is defined in details in the following section 3.2.2. 

3.2.2 The definition of the weight matrix  

The proposed model allows for both geographic and virtual connections among 

spatial units by using a weight matrix with two components (Equation 3.4): 1) geograph-

ic distance (𝑑!") between location i and j, and 2) a set of virtual connections “distances” 

(𝑆!"!,… , 𝑆!"#) between location i and j. To estimate the virtual connection “distances”, a 

proximity function (Equation 3.5) is defined for the observed socio-economic and 

demographic characteristics at location i and j (𝑧!" , 𝑧!"   ), which may contribute to the 

virtual connections between location i and j. The proximity function may have different 

forms, and the Euclidian distance function is used in this dissertation. Equation 3.6 

shows that a regression structure is used to model the observed characteristics 𝑍!: 

 

𝑤!" = 𝛾! ∗ (𝑑!" )+ 𝛾! ∗ (𝑆!"!)+⋯+ 1− 𝛾! − 𝛾! −⋯− 𝛾!   𝑆!"#,            𝑖   ≠ 𝑗  

𝑤!! = 0 

(3.4) 
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𝑆!"# = 𝑓 𝑧!" , 𝑧!" = 𝑧!" − 𝑧!" , r = 1, 2,…, p (3.5) 

𝑍! = 𝑋!!𝛽!! + Δ! (3.6) 

 

Where: 

𝛾!, …, 𝛾! are the weights of the geographic distance and various virtual connection 

“distances”; 

𝑑!"  is the geographic distance between location i and j; 

𝑆!"# is the rth virtual connection distance between location i and j, r = 1,…,p; 

𝑍! = (𝑧!! , 𝑧!! ,…    , 𝑧!! )  !is a N×p matrix representing the observed socio-economic 

and demographic characteristics for all locations; for each location i, 

there are p observed characteristics;  

𝑋!! is a N×k2 matrix of exogenous independent variables; 

𝛽!! is a k2×p matrix of parameters for exogenous independent variables; and 

Δ! = (𝛿!
!, 𝛿!

!,… , 𝛿!
!)!  is a N×p matrix of i.i.d. random errors that follows a multi-

variate normal distribution 𝜙(
0
⋮
0

,
𝜎!!
! 0
⋱

0 𝜎!!
!

). 

3.2.3 The Poisson lognormal spatial autoregressive model with an endogenous 
weight matrix  

The weight matrix in a spatial econometric model becomes endogenous when it is 

correlated with the random errors in the model. In the hierarchical Poisson lognormal 

spatial autoregressive model, this happens when the error terms in Equation 3.2 are 

correlated with the error terms in Equation 3.6:  

𝜀! , 𝛿! ~  𝑖. 𝑖.𝑑  𝑁!!!
0
0 ,

𝜎!! 𝜎!"!

𝜎!" 𝜎!!
 

(3.7) 

 Notice that 𝜀! is correlated with all the 𝛿!s in the p entry Equations, and the 𝛿!s 

are assumed to be independent with each other (i.e., correlation equals to zero).  
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3.3 Model estimation 

3.3.1 Introduction to Bayesian MCMC approach  

Bayesian statistics, which is based on the simple Bayes Theorem, uses probabil-

ity theories to understand and solve mathematical problems, and allow people to update 

their understanding based on observed new data. Equation 3.8 illustrates the general idea 

of the Bayesian statistics:  

 

P hypothesis data = posterior =
𝑝𝑟𝑖𝑜𝑟 ∗ 𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑
𝑝𝑟𝑖𝑜𝑟 ∗ 𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑

     

                                                                              =   
P hypothesis ∗ P data hypothesis
P hypothesis ∗ P data hypothesis

 

                                                            ∝ P hypothesis ∗ P data hypothesis  

(3.8) 

The key difference between a Bayesian statistical model and a frequentist based 

model is that the model estimates from a Bayesian statistical model are not fixed values, 

but distributions (i.e., posterior distribution). According to the Bayes’ rule, the posterior 

distributions of the model estimates can be calculated by using the prior knowledge 

about the parameters (i.e., prior distribution) and the likelihood of observing the data 

given the proposed hypothesis about the parameters.  

While the numerator of Equation 3.8 is usually easy to obtain, the estimation of 

the denominator can be challenging or even intractable sometimes. The Markov Chain 

Monte Carlo (MCMC) approach is a popular method used to approximate complicated 

multi-dimensional integrals, especially for large hierarchical models with high dimen-

sional integral likelihood and many unknown parameters (Banerjee, Carlin and Gelfand, 

2015).  Given that the product of the prior distribution and the likelihood is proportional 

to the posterior distribution of the parameter, the MCMC approach can simulate data 

from a Markov chain whose steady state probability is equivalent to the posterior distri-

bution. Many Bayesian MCMC algorithms have been developed during the past decades; 

the two fundamental methods are known as the Metropolis Hasting algorithm and the 

Gibbs Sampling algorithm.  
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3.3.2 The Metropolis Hasting and Gibbs Sampling algorithm 

The Metropolis Hasting algorithm (Metropolis et al., 1953; Hastings 1970) in-

volves an “accept/reject” mechanism, so that the arbitrary selected Markov chain at the 

beginning of the iterations can converge to the “correct” one whose invariant probability 

is equivalent to the model estimate’s posterior distribution. As a result, instead of using 

the full conditional distributions to generate samples, this algorithm relies on a pre-

defined proposal distribution: a candidate value for the model estimate is generated from 

the proposal distribution; it is then used to calculate the likelihood. If the likelihood 

increases, the candidate is accepted; if not, the ratio of the likelihoods is compared with a 

random number generated from UNIF (0,1) to determine if it will be accepted or not. 

While the MH algorithm provides a flexible approach to generate samples from the 

posterior distribution, the efficiency of the Monte Carlo sampling depends on the choice 

of the proposal distribution. A poorly selected proposal distribution may result in high 

rejection rates, and the Markov chain may even be stuck at one location. Some popular 

proposal distributions include the random walk proposal (Metropolis et al., 1953), the 

independence proposal (Hastings 1970), and the tailored proposal (Chib and Greenberg 

1994; Chib 1995).  

 As for the Gibbs Sampling algorithm (Geman and Geman 1984), it successively 

and repeatedly generates samples from conditional distributions of each of the model’s 

parameters given the rest. This simplifies the sampling process by reducing a high 

dimensional problem (i.e., the full joint distribution) to several low dimensional prob-

lems (i.e., the conditional distributions for each parameter). Literature has proved that 

such a sampling method will guarantee the convergence to the target stationary distribu-

tion (Roberts and Polson 1994). Interestingly, the Gibbs Sampling can be understood as 

a special case of the Metropolis Hasting algorithm (Hastings 1970), which uses a pro-

posal distribution equal to the full conditional probability for each parameter. However, 

the convergence of the Gibbs Sampling algorithm is usually slow, which generates high 

computational burden, and it may result in high correlations when dependences among 

the parameters exists. Another limitation of the Gibbs Sampling algorithm is that one 
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needs to know the full conditional probability functions for all the parameters. While this 

is straightforward for Bayesian problems with familiar sampling distributions and 

conjugate priors, it is not promised for all problems, especially for unknown models and 

non-conjugate priors. The Gibbs Sampling algorithm has been used in the literature prior 

to its naming (Ripley 1979), and becomes popular in spatial econometrics  in late 80s 

(Gelfand and Smith 1990).  In the last decades, this algorithm has gained its popularity 

in transportation studies, especially when complicated models are used (Tebaldi and 

West 1998; Davis and Yang 2001; Song, Ghosh and Mallick, 2006; Xiong and 

Mannering 2013; Zou, Wang and Wang, 2016)  

3.3.3 The blocked Metropolis Hasting within Gibbs Sampling algorithm  

A blocked Gibbs sampler groups two or more variables together and samples 

from their joint conditional distribution, rather than sampling from each parameter’s full 

conditional distribution individually (Liu 2008; Gelman et al., 2014). Literature has 

shown that a well-designed blocked Gibbs sampler can help to reduce autocorrelations in 

the samples substantially (Chib and Carlin 1999), and speed up the Gibbs mixing of 

imbalanced data (Johnson, Kuehnel et al. 2016). As a result, this method has been 

widely used in all kinds of econometric models, especially for Bayesian hierarchical 

models that involve latent variables (Cowles and Carlin 1996; Roberts and Sahu 1997; 

Chib and Carlin 1999; Tan, Tian et al. 2009; Hadfield 2010).  

 While blocked Gibbs sampler helps to speed up the convergence and mixing in 

general (Amit, Grenander and Amini, 1991), the derivation of full conditional distribu-

tions is still needed. In nice Bayesian problems, the full conditionals usually turn out to 

be familiar distributions, such as normal, gamma and beta; however, there is no reason 

why they should be known in general. As a result, the Metropolis Hasting within Gibbs 

Sampling algorithm is used when the derivation of the full conditionals is complicated or 

impossible. The MH within the GS algorithm also outperforms the ordinary MH algo-

rithm as it uses a one-dimensional proposal function for each parameter, and the 

proposal function can be different for different parameters, which improves both the 

efficiency and flexibility of the estimation (Þorgeirsson 2016).  
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In this dissertation, three different Gibbs samplers with varying levels of block-

ing have been designed and tested for the proposed model, and the validation results are 

presented in Section 4.2.5.  

A flowchart of the blocked Metropolis Hasting within Gibbs Sampling algorithm is 

shown in Figure 3.2 to illustrate the procedure of estimation. 

The procedure begins with pre-defined initial parameter values and the empirical 

data. Next, the parameters in the first block are updated by samples generated from a 

proposed function (Equation 3.9), which is a multivariate normal distribution with a pre-

defined variance (i.e., “tuning parameter”).  Next, an acceptance/rejection rule (Equation 

3.13) is applied to the proposed sample, in which the ratio of the conditional posterior 

distributions of the most recent sample and the proposed sample is calculated to compare 

with a random number generated from a uniform distribution from zero to one, and the 

result is used to determine whether the proposed sample is accepted or not. Similarly, the 

same rule is applied to all other blocks (see Equation 3.10 to 3.16 for detailed proposal 

function and decision rule information), and the algorithm stops once the pre-defined 

number of iterations (N) is reached.  

q1(.|D, Θ2i, Θ3i , Θ4i) = MVN(Θ1i, ∑1=
0.001 0
0 0.01 ) (3.9) 

q2(.|D, Θ1i, Θ3i , Θ4i) = MVN(Θ2i, ∑2=
0.01 0
0 0.01 ) (3.10) 

q3(.|D, Θ1i, Θ2i , Θ4i) = MVN(Θ3i, ∑3=
0.01 0
0 0.01 ) (3.11) 

q4(.|D, Θ1i, Θ2i , Θ3i) = MVN(Θ4i, ∑4=
0.005 ⋯ 0
⋮ ⋱ ⋮
0 … 0.005

) 
(3.12) 

α   Θ!! ,Θ!∗ = min  (1,π Θ!!    /π Θ!∗ ) 

Where 

π Θ!!    = 𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 ∗ 𝑝𝑟𝑖𝑜𝑟  = p (Θ!! 𝐷,Θ2i,Θ3i  ,Θ4i ∗ p(  Θ!!) 

(3.13) 

α   Θ!! ,Θ!∗ = min  (1,π Θ!! /π Θ!∗ ) (3.14) 

α   Θ!! ,Θ!∗ = min  (1,π Θ!! /π Θ!∗ ) (3.15) 

α   Θ!! ,Θ!∗ = min  (1,π Θ!! /π Θ!∗ ) (3.16) 
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Figure 3.2. Flow chart of the block Metropolis Hasting within Gibbs Sampling algorithm 

i= i+1  

Update the third block: 

 Generate candidates Θ3
* for Θ3i from q3(. |D, Θ1i, Θ2i, Θ4i) 

Θ3i+1 =!
Θ!∗           if  Unif(0,1) ≤ α(  Θ!! ,Θ!∗)  

Θ!!                     𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
  

Update the fourth block: 

 Generate candidates Θ4
*for Θ4i from q4(. |D, Θ1i, 

Θ4i+1 =!
Θ!∗           if  Unif(0,1) ≤ α(  Θ!!,Θ!∗ )  

Θ!!                     𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
  

Update the second block: 

 Generate candidates Θ2
* for Θ2i from q2(. |D, Θ1i, Θ3i, Θ4i) 

Θ1i+1 =!
Θ!∗           if  Unif(0,1) ≤ α(  Θ!! ,Θ!∗)  

Θ!!                    𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 

Θ2i+1 =!
Θ!∗           if  Unif(0,1) ≤ α(  Θ!!,Θ!∗ )  

Θ!!                     𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
  

i = N?  End  

 

Initial parameter values  

Θ10 = (β1
0, β2

0) 

Θ20 = (ρ0, γ0) 

Θ30 = (Vε
0, σεδ0, Vδ) 

Θ40 = Y*0s 

Empirical Data 

Number of iterations: N 

D = (W, Y, X1, X2, Z) 

Pre-defined variance-covariance matrices 

for the proposal functions: ∑1, ∑2, ∑3, ∑4  

Iteration begins: i = 0 

Update the first block: 

 Generate candidates Θ1
* for Θ1i from q1(.|D, Θ2i, Θ3i , Θ4i) 

Yes 

No 
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3.3.4 The joint distribution function, the prior distribution and the design of the 
initial values  

The implementation of the blocked MH with Gibbs algorithm requires the deri-

vation of the joint distribution function, which is given by: 

𝑃 𝜃,   𝑌!∗ 𝑌! ,𝑍! = 𝑃 𝑌 𝑌!∗ ∙ 𝑃 𝑌!∗,𝑍! 𝜃 ∙ 𝑃 𝜃  

∝   
exp  (𝑌!∗)! ∙ exp  (− exp 𝑌!∗ )

𝑌! !

∙ 𝐼! − 𝜌𝑊! × 𝑉 !!!× exp −
1
2𝐾

! 𝑉!!𝐾 ∙ 𝑃 𝜃  

𝜃 = ( β1, β2, ρ, γ, Vε, σεδ, Vδ); 

𝐾 =    𝑆! 𝜌, 𝛾 𝑌! − 𝑋!!𝛽!!
𝑣𝑒𝑐(𝑍! − 𝑋!!𝛽!!

; 

𝑉 =   
𝐼!⨂𝜎!! 𝐼!⨂𝜎!"
𝐼!⨂𝜎!" 𝐼!⨂𝜎!!

; and 

𝑆! 𝜌, 𝛾 =   𝐼! − 𝜌𝑊!(𝛾). 

(3.17) 

 

What’s more, the non-informative priors are used for all the parameters estimated 

in the proposed model.  

 A well-designed set of initial values for parameters will provide a quicker con-

vergence of the model estimates. Therefore, selected initial values for the proposed 

model are carefully designed, as shown in Table 3.1.  

Table 3.1. Initial values for the model estimates 

Parameter Initial value 

β1 X  !!! ∗ log  (𝑌) 
β2 𝑋!!! ∗ 𝑍 

Vε (log 𝑌 − X  !𝛽!)! 

Vδ (𝑍 − 𝑋!𝛽!)! 

𝜎!" 𝑐𝑜𝑣(log 𝑌 − X  !𝛽!,𝑍 − 𝑋!𝛽!)        

Y* log  (𝑌 )   
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3.3.5 Challenges in the model estimation 

Given the complex structure of the proposed model and the correlations among 

the Equations, several computational difficulties are encountered in the model estimation 

process, and they are discussed in this section.  

3.3.5.1 Parameter identification problems  

The identification problem in econometric modeling have two facets – theoretical 

and empirical (Vij and Walker 2014). When a unique set of parameters can be identified 

to generate the observed data, the model is said to be theoretically identifiable. Even 

when the model is theoretically identifiable, the empirical identification is not always 

promised, especially for models with high degree to complexity. When the dataset is not 

rich enough to provide the variation needed for the estimation (McFadden and Train, 

2000; Walker, 2001), or if the degree multicollinearity in the dataset exceeds the toler-

ance of the model (Vij and Walker 2014), empirical identification problems will occur.   

 In transportation modeling studies, researchers have studied extensively on the 

identification problems that may occur in complex discrete choice models (Walker, Ben-

Akiva and Bolduc, 2004). While studies on count data models with potential identifica-

tion problems remain elusive, the proposed model in this dissertation share some 

common characteristics with the complex discrete choice models with latent variables 

and hierarchical structures. For example, simulated data are used for the model valida-

tion in Chapter 4, and it is possible for the randomly generated data to have a small 

variation and multicollinearity between the variables. If this happens, the model might 

not be able to converge and provide accurate estimates. The examination for the com-

prehensive empirical identification is out of the scope of this dissertation, which will be 

discussed in Chapter 6: future works.  

3.3.5.2 The limitations of WinBUGS  

In recent years, a number of software packages have been developed to estimate 

the Bayesian models, and one of them is the open-source WinBUGS (Spiegelhalter et al., 

2003). As Zou, Wang and Zhang (2017) indicated in their paper, “When using Win-
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BUGS, only the data and model specification are required. WinBUGS employs graphical 

models to simulate Bayesian draws; with built-in samplers, it will automatically select 

the most efficient and appropriate algorithm and implement the MCMC process so the 

users don’t have to apply any transformation or estimate the full conditional probabili-

ties.” As a result, WinBUGS was first used for the model estimates. However, it did not 

provide satisfactory results for the following reasons: first, when WinBUGS is construct-

ing a hierarchical graphical model with correlations between Equations, it cannot handle 

complicated loops very well when generating the nodes in the graphical model. Next, 

WinBUGS has the limitation of allowing for element-wise models, and does not allow a 

deterministic node to be also a data node. For example, for the model Y* = β1*X+err, 

where err ~ dnorm(0,0.001), Y* has to be generated by dnorm (β1*X, 0.001), instead of 

by err ~ dnorm(0,0.001) first, and then adding it to the Equation to construct Y*. As a 

result, it makes the construction of error components from two Equations with a shared 

variance-covariance matrix impossible. Therefore, original codes are developed in 

Python for the proposed model.  

3.3.5.3 The diagnosis of the convergence of the Bayesian MCMC algorithm  

While the Bayesian MCMC algorithms have gained their popularity in the litera-

ture, they suffer from a well-known drawback: for many occasions, it is difficult to 

determine if the chains have converged to the stationary distribution of the Markov chain 

and when to terminate the iterations.  As a result, various diagnosis methods have been 

developed to address this problem, both in theory and in practice. The first group of 

solutions focus on estimating the number of iterations required to ensure the conver-

gence of the algorithm within a pre-defined tolerance of the true distribution. To do so, 

the Markov transition kernel of the chain is analyzed and theoretical convergence 

bounds are computed using mathematical theories (Rosenthal 1993; Rosenthal 1995).  

While these methods provide a large amount of useful information, sophisticated math-

ematical proofs are required, and there are no general solutions for models from the 

same family. The second group of solutions relies on the application of diagnostic tools. 

The idea is like diagnosis of convergence in many iterative studies: when the difference 
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between the outputs from consecutive iterations is negligible within the pre-defined 

tolerance, the estimation is considered as converged. For example, Gelfand and Smith 

(1990) developed the “thick felt-tip pen test”, in which the model estimates can be 

concluded as converged when the difference between iterations is less than the width of 

a thick felt-tip pen graphically. In the last decades, many other diagnosis tools have been 

developed in the literature, and Cowles and Carlin (1996), Brooks and Gelman (1998), 

Mengersen, Robert and Guihenneuc-Jouyaux (1999) and Sinharay and Johnson (2003) 

are excellent reviews for these methods. While each method has its own strengths and 

limitations, most of them are still difficult to implement without problem-specific coding 

and a fairly large amount of analytical work. Most importantly, no matter how sophisti-

cated the diagnosis tool is designed, the true stationary distributions will always be 

unknown in practice.  As a result, this dissertation concludes the convergence of the 

chains when the following “good signs” are presented: 1) there is a sufficiently large 

segment of the trace map of the Markov chain shows similar results (i.e., small varia-

tions); 2) the proposed steps in the MH algorithm has a desirable acceptance rate (i.e., 30% 

to 70%); and 3) multiple chain initialized at different initial values give similar results.  

  



 

38 
 

4. Model validation 

This chapter discusses the model validation results of the proposed Poisson 

lognormal spatial autoregressive model with an endogenous weight matrix. To validate 

the model, simulated data are generated from various sets of pre-defined parameters, and 

the model estimates from the simulated data are compared with the pre-defined parame-

ters to test the validity and robustness of the model. Section 4.1 describes the general 

scheme of the validation process and how the data are simulated. Section 4.2 discusses a 

series of model validation results in details, and several sensitivity analyses for different 

parameters and sample sizes are investigated.  

4.1 Validation implementation scheme 

The model validation process is implemented in the steps shown in Figure 4.1: in 

the first step, the true parameter values are defined; then in the second step, they are used 

to simulate the data for the parameter estimation. Next, the pre-defined parameters are 

treated as unknown, and the simulated data are used for the model estimation. Last but 

not least, the estimated parameters are compared with the pre-defined true parameter 

values for model accuracy and robustness.  

 

Figure 4.1. Model validation scheme 

 The detailed pre-defined parameter information and simulated data statistics are 

summarized in Table 4.1,  

Table 4.2, and Figure 4.2. In the model validation process, seven parameters (β1, β2, γ1, ρ, 

σ1, σ12, σ2) and 100 latent variables (Y*) are estimated. Simulated data include inde-

Define 
parameter 

values 

Use defined 
parameter 
values to 
generate 

simulation 
data 

Treat the 
defined 

parameters as 
unknown and 

use the 
simulated data 
to estimate the 

parameters 

Compare the 
estimated 

parameters 
with the pre-
defined (true) 

parameters 
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pendent variables (X1, X2) used in Equation 3.1 and 3.6, the observed dependent variable 

(Z) in the entry Equation (Equation 3.6), the weight matrix (W) and the count data (Y).  

Table 4.2 and Figure 4.2 show that the count data roughly follow a uniform distribution 

ranging from one to 29, and X1, X2, and Z are normally distributed. 

Table 4.1. Pre-defined parameters 

 

 

Parameter Definition Size 
Pre-defined 

True Value 

𝛽!! 
Parameters for exogenous independent 

variables in Equation 3.1 
𝑘1×1 0.9 

𝛽!! 
Parameters for exogenous independent 

variables in Equation 3.6 
𝑘2×𝑝 0.3 

𝛾! 
Weights of the geographic distance and 

various virtual connection “distances” 
𝑝×1 0.5 

𝜌 Spatial auto-correlation coefficient 1 Table 4.4 

𝜎!! Variance of the random errors in Equation 3.1 1 Table 4.4 

𝜎!!! 
Covariance of the random errors in Equation 

3.1 and Equation 3.6 
𝑝 Table 4.4 

𝜎!! 
Variances of the random errors in Equation 

3.6 
𝑝 Table 4.4 

𝑘1 
Number of exogeneous independent variables 

in Equation 3.1 
𝑘1 1 

𝑘2 
Number of exogeneous independent variables 

in Equation 3.6 
𝑘2 1 

𝑝 
Number of proximity variables in the weight 

matrix (Equation 3.4) 
𝑝 1 

N Number of observations in one sample 100 NA 
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Table 4.2. Simulated data statistics 

 

 

Figure 4.2. Histograms of randomly generated data  

Variables Size Mean Variance Min Max 

𝑋!! N×k1 2.01 1.09 -0.75 4.14 

𝑋!! N×k2 4.99 1.02 2.68 7.97 

𝑍! N×p 1.43 0.94 -0.62 3.57 

𝑊! N×N 0.01 0.001 0 0.27 

𝑌! N×1 14.58 16.17 1 27 
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4.2 Validation Results  

4.2.1 Validation results of one random sample of 100 observations 

 The validation is first carried out with one random sample of 100 observations, 

using the randomly simulated data shown in Figure 4.2 and  

Table 4.2. The model parameters are estimated using the Bayesian MCMC algorithm, 

and they are compared with the pre-defined true values in Table 4.4 to test the validity 

and robustness of the model. If the model estimates converge to their true values under 

all scenarios, the model is considered as valid and robust to ρ and σ12. 

The Bayesian MCMC algorithm runs 6000 iterations with the first 2000 itera-

tions as the “burn-in” period, and the model estimates are calculated as the means of the 

last 4000 iterations.  

In addition to the mean and standard deviation of the parameters, two metrics are 

introduced to evaluate the model accuracy: absolute percentage error (APE) and percent-

age square error (PSE). APE measures the mean absolute deviation from the true 

parameter values through the T iterations, and PSE uses the average squared error to 

penalize large deviations.  

Where: 

 𝑎! is the true parameter value; and 

 𝑎! is the model estimate at iteration t, t = 1,…,T. 

 The validation result for one random sample is summarized in Table 4.3, the 

iteration trace maps are shown in Figure 4.3, and the posterior distributions of the 

parameters are plotted in Figure 4.4. Generally speaking, the model estimates from the 

one random sample achieve satisfactory results. All parameters are converging to their 

true values as the number of iterations increases.  

APE =   
|𝑎! − 𝑎!|
|𝑎!|

/𝑇
!

!!!

 
(4.1) 

PSE =
𝑎! − 𝑎!
𝑎!

!
/𝑇

!

!!!

 
(4.2) 
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 The log-likelihood of the model estimates increases from the initial value of -670 

to the true values of -540 after the first 1600 iterations.  

 Parameter β1 begins to converge after the first 1000 iterations. The mean of the 

estimated value is 0.635 and the standard deviation (0.043) indicates very small variation 

of the estimates. Meanwhile, both APE (7.6%) and PSE (0.9%) indicate satisfactory 

convergence to the true value as well.  

 Parameter β2 converges very quickly to its true value with a mean estimate of 

0.262 and standard deviation of 0.015. As for APE and PSE, a 12.8% APE indicates that 

on average, the parameter estimate deviates from the true value by 12.8%; a small PSE 

(1.9%) shows that the estimate itself is relatively stable with small variances, which is a 

result of good initial value estimates.  

 For the spatial auto-correlation parameter ρ, the model estimates present a mean 

of 0.758 and a standard deviation of 0.020, which are close to the true parameter value 

with a small variance. The parameter estimate begins to converge after the first 1000 

iterations, and results in both very small APE (1%) and PSE (3%). Given that a random 

initial value is used for the Bayesian MCMC estimation of ρ, the estimation result is 

rather satisfactory and can be considered as converging quickly.  

 Parameter γ1 is the most challenging to estimate in the model, and the reason is 

twofold: for one thing, its contribution is highly dependent on the value of the auto-

correlation parameter; when ρ is small, it would be very difficult for the model to 

differentiate the effect of γ1 and random errors (see Equation 3.6), especially when a 

large number of latent variables are estimated (i.e., Y*) and the model becomes underde-

termined. Next, the estimates of γ1 also depend on the structure of the weight matrix; if 

the weight matrix lacks variation (i.e., higher weights are applied to the same sets of 

neighbors for all observations), the model may treat ρ* γ1 as a single parameter and thus 

fail to entangle the effects of ρ and γ1 separately. In this one random sample validation, 

the model estimates for γ1  (mean of 0.754 and standard deviation of 0.095) are satisfac-

tory in general, as the weight matrix is carefully designed and the spatial auto-correlation 

is high. However, the APE (31.5%) and PSE (12.7%) are relatively high, which refers to 

a high bias and a high variance on average. The trace maps in Figure 4.3 also show some 
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fluctuations, especially at the “burn-in” period, indicating that the parameter is taking 

more effort to converge and become stable.  

 The last three parameters in Table 4.3 are from the variance-covariance matrix in 

Equation 3.7. σ11 and σ22 indicate the variances of the error terms in Equation 3.1 and 

Equation 3.6, and σ12 refers to the correlation between the two Equations (i.e., the degree 

of endogeneity of the weight matrix). To ensure the variance-covariance matrix (V) is 

positive definite throughout the iterations, a cholesky decomposition is applied to the 

three model estimates, as shown is Equation 4.3 and 4.4. As a result, no matter how the 

model estimates (L) during the iterations of the Bayesian MCMC process change, the 

variance-covariance matrix will stay positive definitive. However, such decomposition 

also results in a certain degree of variances due to the numerical approximation. For this 

one random sample validation, the APEs of the variance-covariance estimates are 

ranging from 8% to 11.6%, and the PSEs are ranging from 0.9% to 1.9%, both of which 

are within satisfactory ranges.  As for the convergence rate, all three parameters begin to 

converge to their true values after the first 1000 iterations.  

 

V = V!! σ!"
σ!" V!!

= LL∗ (4.3) 

L =    L!! 0
L!" L!!

 (4.4) 

 

 Table 4.3. Validation result for one random sample 

  True value Mean Standard Deviation APE PSE 
β_1 0.6 0.635 0.043 0.076 0.009 
β_2 0.3 0.262 0.015 0.128 0.019 
ρ 0.8 0.758 0.020 0.010 0.003 
γ_1 0.8 0.754 0.095 0.315 0.127 

V_11 0.6 0.502 0.058 0.099 0.013 
σ_12 0.554 0.462 0.076 0.116 0.019 
V_22 0.8 0.681 0.038 0.080 0.009 
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Figure 4.3. Trace maps for the parameter estimates for one random sample 
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 Figure 4.4 shows the posterior distributions of model estimates from the one 

random sample. In general, all parameter estimates distributed around the true values; 

for variances, β2 and ρ are the most stable estimates, while γ1 and the estimates for the 

variance-covariance matrix have relatively large variances.  

 

Figure 4.4. Posterior distributions of the parameter estimates for one random sample 
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4.2.2 Validation results of 100 random samples of 100 observations 

In the previous section, the model estimates from data simulated by one set of 

pre-defined parameters are validated. In this section, two additional checks are intro-

duced to further validate the model and test its robustness: 1) measure the model’s 

recovery capability at different parameter values, and 2) repeat the estimation multiple 

times to detect the any randomness in the process. A key objective of this dissertation is 

to understand the endogenous peer-to-peer effects using the proposed model; thus it 

makes sense to focus on the two parameters that are directly related to the endogenous 

spatial effect: ρ and σ12, where ρ measures the spatial auto-correlations among the 

peers, and σ12 measures the degree of endogeneity of the weight matrix. As a result, 

twelve scenarios of different combinations of these two parameters (ρ and correlations 

equal to 0.3, 0.5, 0.8, and 0, 0.3, 0.5, 0.8, respectively), together with other pre-defined 

parameters, were used to generate the data for the model validation, as shown in Table 

4.4. 

 Table 4.4. Model validation scenarios 

Scenario β_1 β_2 γ_1 V_11 σ_22 V_12 ρ correlation 

1 0.6 0.3 0.8 0.6 0.8 0.000 0.3 0.0 

2 0.6 0.3 0.8 0.6 0.8 0.277 0.3 0.3 

3 0.6 0.3 0.8 0.6 0.8 0.416 0.3 0.5 

4 0.6 0.3 0.8 0.6 0.8 0.554 0.3 0.8 

5 0.6 0.3 0.8 0.6 0.8 0.000 0.5 0.0 

6 0.6 0.3 0.8 0.6 0.8 0.277 0.5 0.3 

7 0.6 0.3 0.8 0.6 0.8 0.416 0.5 0.5 

8 0.6 0.3 0.8 0.6 0.8 0.554 0.5 0.8 

9 0.6 0.3 0.8 0.6 0.8 0.000 0.8 0.0 

10 0.6 0.3 0.8 0.6 0.8 0.277 0.8 0.3 

11 0.6 0.3 0.8 0.6 0.8 0.416 0.8 0.5 

12 0.6 0.3 0.8 0.6 0.8 0.554 0.8 0.8 
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 For each scenario, 100 random samples of 100 observations were generated. The 

means and variances their model estimates were calculated and summarized in  

Table 4.16, and the trace maps are plotted in Appendix A. As with the one random 

sample validations, the mean absolute percentage error (MAPE) and the percentage 

mean square error (PMSE) were estimated to compare all estimates through the itera-

tions to their true values. 

Overall, the parameter estimations for 100 random samples with 100 observa-

tions show satisfactory convergence to their true values. Taking average of the model 

estimates from 100 samples for each scenario led to more consistent and stable, with 

both smaller bias and variance. As the model estimates varied across different scenarios, 

some key findings are summarized below.  

 The estimates for β1 and β2 are consistent and stable for all scenarios, especially 

for β2, which has the smallest MAPE and PMSE amongst all the parameters. Thanks to 

the well-designed initial value estimates and their straightforward structure in the 

proposed hierarchical model, the estimates converged quickly after the iterations begin 

and resulted in extremely small variances. As for β1, its definition is related to other 

parameters in the model (see Equation 3.1); hence there are more uncertainties in the 

estimates. For example, it takes a longer time to converge when ρ is small, and the 

variance of the estimates also increases under this circumstance.  

 Similar to the findings from the one random sample model estimates, the perfor-

mance of the γ1 and ρ estimates improved when true values of them increased. Both 

MAPE and PMSE values decreased for scenarios with high γ1 and/or ρ values, indicating 

small bias and variances. In the meanwhile, the estimates took much shorter time to 

MAPE =   
|𝑎! − 𝑎!|
|𝑎!|

/𝑇
!

!!!

/𝑁
!

!!!

 
(4.5) 

PMSE =
𝑎! − 𝑎!
𝑎!

!
/𝑇

!

!!!

!

!!!

/𝑁 
(4.6) 
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converge to their true values in these scenarios, with less fluctuations and pikes shown in 

the trace maps. To fully understand the robustness of the model estimates for γ1 and ρ, 

more validation experiments were carried out and analyzed in section 4.2.2.  

 For the variance-covariance matrix, the parameters show good estimates for all 

the scenarios. For the same spatial-auto correlation, the accuracy of estimates for V11, σ12, 

and V12 improves as the covariance σ12 increases. It is possible that a higher covariance 

between the Equations defining the weight matrix and the latent variables for the counts 

creates more variations in the sampling process, thus allowing the model to identify the 

parameters more easily. Similarly, for the same set of variance-covariance matrix 

estimates, their estimation accuracy improves significantly as ρ increases: both smaller 

MAPE and PMSE have been achieved and the model estimates converge quickly to their 

true values. It is worth mentioning that the variance of the model estimates for these 

parameters might be slightly higher, given that the Cholesky decomposition is used for 

the variance-covariance matrix in the model estimation to ensure its positive definite 

requirement is satisfied.  

 Figure 4.5 further illustrates error statistics for all scenarios visually. It is obvious 

that on average γ1 has the highest PMSE, followed by the covariance term σ12 and β1, 

while all other parameters have relatively small PMSEs. It is also clear that the values of 

PMSE decrease significantly when the spatial autocorrelation is strong and the endoge-

neity of the weight matrix becomes more obvious.  

 To compare the proposed model with a Poisson spatial autoregressive model 

without an endogenous weight matrix. The parameter estimates from these two models 

are compared and summarized in Table 4.17. Both the MAPE and PMSE estimates show 

that the proposed model achieves better estimation results with smaller estimation errors. 

A smaller AIC estimate also proves that the proposed model provides more compelling 

estimates when the weight matrix is endogenous in a spatial econometric model.  
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Table 4.5. Model estimates for scenario 1: ρ = 0.3, correlation = 0 

 

 

 

 

 

 

 

Table 4.6. Model estimates for scenario 2: ρ = 0.3, correlation = 0.3 

 

 

 

 

 

 

 

 

Table 4.7. Model estimates for scenario 3: ρ = 0.3, correlation = 0.5  

  σ_12=0.277         
ρ=0.3 True value Mean Standard Deviation MAPE PMSE 
β_1 0.6 0.638 0.006 0.159 0.037 
β_2 0.3 0.302 0.000 0.082 0.010 
ρ 0.3 0.222 0.012 0.552 0.286 
γ_1 0.8 0.739 1.211 0.728 0.494 

V_11 0.6 0.640 0.006 0.135 0.027 
σ_12 0.277 0.198 0.012 0.535 0.405 
V_22 0.8 0.810 0.004 0.097 0.017 

  σ_12=0         
ρ=0.3 True value Mean Standard Deviation MAPE PMSE 
β_1 0.6 0.680 0.006 0.181 0.081 
β_2 0.3 0.309 0.000 0.076 0.008 
ρ 0.3 0.311 0.011 0.452 0.351 
γ_1 0.8 0.933 1.166 0.572 0.532 

V_11 0.6 0.575 0.005 0.079 0.010 
σ_12 0 -0.014 0.010 NA NA 
V_22 0.8 0.754 0.004 0.067 0.007 

  σ_12=0.416         
ρ=0.3 True value Mean Standard Deviation MAPE PMSE 
β_1 0.6 0.644 0.005 0.186 0.053 
β_2 0.3 0.298 0.000 0.067 0.007 
ρ 0.3 0.216 0.010 0.328 0.467 
γ_1 0.8 0.781 1.123 0.702 0.507 

V_11 0.6 0.630 0.007 0.102 0.016 
σ_12 0.416 0.356 0.011 0.343 0.172 
V_22 0.8 0.816 0.004 0.075 0.009 
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Table 4.8. Model estimates for scenario 4: ρ = 0.3, correlation = 0.8 

 

 

 

 

 

 

 

 

Table 4.9. Model estimates for scenario 5: ρ = 0.5, correlation = 0 

 

 

 

 

 

 

 

 

Table 4.10. Model estimates for scenario 6: ρ = 0.5, correlation = 0.3 

 

  

  σ_12=0.554         
ρ=0.3 True value Mean Standard Deviation MAPE PMSE 
β_1 0.6 0.628 0.004 0.153 0.035 
β_2 0.3 0.298 0.000 0.074 0.008 
ρ 0.3 0.244 0.007 0.216 0.258 
γ_1 0.8 0.830 0.543 0.605 0.448 

V_11 0.6 0.623 0.008 0.109 0.019 
σ_12 0.554 0.556 0.008 0.142 0.031 
V_22 0.8 0.801 0.004 0.169 0.046 

  σ_12=0         
ρ=0.5 True value Mean Standard Deviation MAPE PMSE 
β_1 0.6 0.563 0.008 0.109 0.017 
β_2 0.3 0.3 0.000 0.044 0.003 
ρ 0.5 0.58 0.005 0.214 0.025 
γ_1 0.8 0.744 0.091 0.338 0.183 

V_11 0.6 0.554 0.005 0.127 0.024 
σ_12 0 -0.029 0.009 NA NA 
V_22 0.8 0.778 0.004 0.113 0.016 

  σ_12=0.277         
ρ=0.5 True value Mean Standard Deviation MAPE PMSE 
β_1 0.6 0.622 0.006 0.153 0.034 
β_2 0.3 0.297 0.000 0.054 0.005 
ρ 0.5 0.471 0.006 0.132 0.040 
γ_1 0.8 0.895 0.227 0.429 0.329 

V_11 0.6 0.619 0.005 0.115 0.020 
σ_12 0.277 0.211 0.010 0.422 0.267 
V_22 0.8 0.796 0.004 0.064 0.006 
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Table 4.11. Model estimates for scenario 7: ρ = 0.5, correlation = 0.5 

 

 

 

 

 

 

 

 

Table 4.12. Model estimates for scenario 8: ρ = 0.5, correlation = 0.8 

 

 

 

 

 

 

 

Table 4.13. Model estimates for scenario 9: ρ = 0.8, correlation = 0 

 

  

  σ_12=0.416         
ρ=0.5 True value Mean Standard Deviation MAPE PMSE 
β_1 0.6 0.606 0.006 0.208 0.060 
β_2 0.3 0.300 0.000 0.074 0.009 
ρ 0.5 0.484 0.005 0.274 0.071 
γ_1 0.8 0.722 0.143 0.527 0.614 

V_11 0.6 0.624 0.006 0.123 0.027 
σ_12 0.416 0.349 0.010 0.213 0.071 
V_22 0.8 0.805 0.004 0.118 0.022 

  σ_12=0.554         
ρ=0.5 True value Mean Standard Deviation MAPE PMSE 
β_1 0.6 0.618 0.003 0.100 0.015 
β_2 0.3 0.301 0.000 0.067 0.007 
ρ 0.5 0.477 0.004 0.070 0.025 
γ_1 0.3 0.708 0.080 0.366 0.205 

V_11 0.6 0.627 0.006 0.098 0.015 
σ_12 0.554 0.565 0.007 0.115 0.021 
V_22 0.8 0.815 0.003 0.138 0.032 

  σ_12=0         
ρ=0.8 True value Mean Standard Deviation MAPE PMSE 
β_1 0.6 0.629 0.007 0.156 0.041 
β_2 0.8 0.296 0.000 0.041 0.003 
ρ 0.8 0.743 0.001 0.031 0.002 
γ_1 0.8 0.726 0.045 0.243 0.085 

V_11 0.6 0.634 0.003 0.081 0.011 
σ_12 0 -0.002 0.009 NA NA 
V_22 0.8 0.925 0.005 0.081 0.009 
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Table 4.14. Model estimates for scenario 10: ρ = 0.8, correlation = 0.3 

  σ_12=0.277         
ρ=0.8 True value Mean Standard Deviation MAPE PMSE 
β_1 0.6 0.596 0.005 0.118 0.023 
β_2 0.8 0.299 0.000 0.078 0.009 
ρ 0.8 0.801 0.001 0.022 0.004 
γ_1 0.5 0.795 0.021 0.151 0.035 

V_11 0.6 0.610 0.003 0.093 0.014 
σ_12 0.277 0.204 0.009 0.444 0.294 
V_22 0.8 0.796 0.004 0.083 0.010 

 

Table 4.15. Model estimates for scenario 11: ρ = 0.8, correlation = 0.5 

  σ_12=0.416         
ρ=0.8 True value Mean Standard Deviation MAPE PMSE 
β_1 0.6 0.601 0.004 0.116 0.020 
β_2 0.3 0.302 0.000 0.062 0.006 
ρ 0.8 0.799 0.001 0.031 0.002 
γ_1 0.8 0.835 0.015 0.177 0.049 

V_11 0.6 0.648 0.004 0.087 0.012 
σ_12 0.346 0.364 0.008 0.218 0.077 
V_22 0.8 0.810 0.003 0.069 0.008 

 

Table 4.16. Model estimates for scenario 12: ρ = 0.8, correlation = 0.8 

  σ_12=0.554         
ρ=0.8 True value Mean Standard Deviation MAPE PMSE 
β_1 0.6 0.599 0.002 0.086 0.011 
β_2 0.3 0.301 0.000 0.061 0.006 
ρ 0.8 0.801 0.000 0.025 0.001 
γ_1 0.8 0.798 0.008 0.124 0.024 

V_11 0.6 0.632 0.004 0.077 0.010 
σ_12 0.554 0.576 0.006 0.140 0.031 
V_22 0.8 0.826 0.002 0.120 0.023 
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Table 4.17. Comparison with base case: ρ = 0.8, correlation = 0.8 

Parameter Proposed model Model (correlation fixed at 0) 
AIC 1148 1245 

 
True 
value Mean S.D MAPE PMSE Mean S.D MAPE PMSE 

β_1 0.6 0.599 0.002 0.086 0.011 0.568 0.081 0.142 0.031 
β_2 0.3 0.301 0.000 0.061 0.006 0.311 0.018 0.067 0.007 
ρ 0.8 0.801 0.000 0.025 0.001 0.816 0.030 0.038 0.002 
γ_1 0.8 0.798 0.008 0.124 0.024 0.191 0.125 0.761 0.771 

V_11 0.6 0.632 0.004 0.077 0.010 0.747 0.054 0.107 0.017 
σ_12 0.554 0.576 0.006 0.140 0.031 NA NA NA NA 
V_22 0.8 0.826 0.002 0.120 0.023 0.915 0.065 0.704 0.515 
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Figure 4.5. PMSE estimates for all ρ and correlation combinations 



 

58 
 

4.2.3 Sensitivity analysis of ρ and γ1 

Previous sections have shown the relatively unstable behavior of the γ1 estimates, 

especially when the spatial auto-correlation is small. To confirm such behavior and 

further understand the relationship between ρ and γ1, a sensitivity analysis of γ1 esti-

mates under a series of ρ values is conducted, as shown in Table 4.18. The true value of 

γ1 ranges from 0.3 to 0.8, and the true value of ρ ranges from zero to 0.8. As a result, a 

total of 27 scenarios are analyzed, each of them are used to generate five random sam-

ples of 100 observations, and the mean and variance of the model estimates are plotted 

in Figure 4.6 and Figure 4.7, respectively.  

Figure 4.6 shows that the estimates of γ1 approach true values (in dash lines) and 

become more stable as ρ increases. When ρ is very small, the estimates of γ1 tend to have 

very large bias. Note that the true value of γ1 also plays a key role in the identification of 

the model estimates: γ1 converges to its true value faster when the true value is larger. 

When γ1 equals to 0.3, the estimates fluctuate around the true value even when ρ is equal 

to 0.8; as γ1 increases to 0.5, the estimates become stable when ρ increases to 0.5; for γ1 

equals 0.8, the estimates approach the true value from ρ equals to 0.3. The reason behind 

this is obvious: when ρ and γ1 are small, the model tends to treat the product of them as a 

single parameter and it is challenging for the underdetermined model to give correct 

estimates for each to them. Also, when these parameters are small, they may show 

similar patterns as the random errors in the model, and thus become impossible to 

identify.  
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Table 4.18. Model validation scenarios for ρ and γ1 

 

Figure 4.7 further explains the phenomenon by showing that the variances of the 

estimates become smaller as ρ increases. Again, the figure shows that when γ1 is larger, 

it is easier for the model to disentangle these two parameters and converge to the true 

values.  

While the proposed model might have identification problems when ρ and γ1 are too 

small, it provides solid results as they increase, which is satisfactory as the effect of 

spatial autocorrelation becomes important practically when it reaches to a certain scale.  

Scenario γ_1 ρ Scenario γ_1 ρ Scenario γ_1 ρ 

1 0.3 0.0 10 0.5 0.0 19 0.8 0.0 

2 0.3 0.1 11 0.5 0.1 20 0.8 0.1 

3 0.3 0.2 12 0.5 0.2 21 0.8 0.2 

4 0.3 0.3 13 0.5 0.3 22 0.8 0.3 

5 0.3 0.4 14 0.5 0.4 23 0.8 0.4 

6 0.3 0.5 15 0.5 0.5 24 0.8 0.5 

7 0.3 0.6 16 0.5 0.6 25 0.8 0.6 

8 0.3 0.7 17 0.5 0.7 26 0.8 0.7 

9 0.3 0.8 18 0.5 0.8 27 0.8 0.8 
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Figure 4.6. Mean of the model estimates  

 

Figure 4.7. Variance of the model estimates 

-1.50 

-1.00 

-0.50 

0.00 

0.50 

1.00 

1.50 

2.00 

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 

γ_
1 

ρ 

gamma1 = 0.3 
gamma1 = 0.5 
gamma1 = 0.8 
true gamma1 = 0.3 
true gamma1 = 0.5 
true gamma1 = 0.8 

0 

0.5 

1 

1.5 

2 

2.5 

3 

3.5 

4 

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 

γ_
1 

ρ 
 

gamma1 = 0.3 

gamma1 = 0.5 

gamma1 = 0.8 



 

61 
 

4.2.4 Sensitivity analysis of the weight matrix  

Section 3.2.2 briefly discusses the definition of the weight matrix in the proposed 

model. There are basically two components in Equation 3.4: one is defined by the 

distance matrix (dij) to measure the geographic proximity among the observations; the 

other is defined by the “economic distance” matrices to quantify the effects of “virtual 

connections” (sij).  

 While sij is defined by introducing a set of entry Equations, the definition of dij 

can have different forms in terms of the number of nearest neighbors, and the formula 

for the distance calculations. This section discusses the performance of the model 

estimates by using different distance matrices, which are varied by the definition of dij 

and the number of nearest neighbors used. These different matrices are also compared 

under different sample sizes to further evaluate the effect of the weight matrix on the 

model estimates. What’s more, previous sections have shown that the model estimates 

become more stable with smaller bias as ρ increases. To examine how the threshold of 

the ρ parameter for satisfactory results is influenced by the definition of the weight 

matrix, both small (0.3), medium (0.5) and large (0.8) ρ values are included in the 

scenarios for comparison. As a result, a total of 18 scenarios are generated and a random 

sample of 100 observations is simulated for each scenario, as shown in Table 4.19.  

Figures in Appendix B provide some useful insights for the construction of the 

weight matrix in the model. The cubic definition of the Euclidian distance outperforms 

the other two when the spatial auto-correlation is small by providing more accurate and 

consistent model estimates. Even when the auto-correlation is high, the cubic definition 

allows the model to converge faster to its true values. Assigning weights more unevenly 

to the observations gives more variations to the data for model estimation and thus 

provides more satisfactory results.  

 As for the number of nearest neighbors used for the weight matrix construction, 

the analysis compared the model estimates of using the ten nearest neighbors to the one 

using the entire dataset. As in the observations from using different definitions for the 

distances, a more “varied” weight matrix with large differences in its entries provides 
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better model estimates, and the reason behind this is self-explanatory: when the model 

structure is complicated with high degree of correlations, a dataset with more variations 

in its samples will help the model to identify its true parameters more easily, and sepa-

rate them from the random errors.  

 

Table 4.19. Scenarios for the sensitivity analysis of the weight matrix 

Scenario ρ Definition of dij 
Number of nearest 

neighbors 

1 0.3 Euclidian distance 10 

2 0.3 (Euclidian distance)2 10 

3 0.3 (Euclidian distance)3 10 

4 0.5 Euclidian distance 10 

5 0.5 (Euclidian distance)2 10 

6 0.5 (Euclidian distance)3 10 

7 0.8 Euclidian distance 10 

8 0.8 (Euclidian distance)2 10 

9 0.8 (Euclidian distance)3 10 

10 0.3 Euclidian distance 100 

11 0.3 (Euclidian distance)2 100 

12 0.3 (Euclidian distance)3 100 

13 0.5 Euclidian distance 100 

14 0.5 (Euclidian distance)2 100 

15 0.5 (Euclidian distance)3 100 

16 0.8 Euclidian distance 100 

17 0.8 (Euclidian distance)2 100 

18 0.8 (Euclidian distance)3 100 

 

 

 



 

63 
 

 

4.2.5 A step-wise model validation   

The proposed hierarchical model is composed of several sub-models. Conducting 

model validations from the simple sub-models to the final complex model will allow 

readers to understand the model structure better, and help them to identify the reasons 

that may explain the uncertainties and variations in the model estimates.  

For all validations, a random sample of 100 observations is generated as the em-

pirical data for the models. The Metropolis Hasting method is used for all models except 

for the last three, which are estimated by the block Metropolis Hasting within the Gibbs 

Sampling method. All the estimations run for 6000 iterations, with the first 2000 itera-

tions considered the “burn-in” time. The models that are estimated in sequence are 

summarized in Table 4.20: 

Table 4.20. List of models estimated in step-wise validation  

No Model Parameters to be estimated 

1 Poisson lognormal regression model β, σ2, Y*s 

2 Poisson lognormal spatial autoregressive model β, ρ, σ2, Y*s 

3 Poisson lognormal spatial autoregressive model 

with an endogenous weight matrix 

β1, β2, ρ , γ1,L11,L12, 

L22,Y*s 

4 Poisson lognormal spatial autoregressive model 

with an endogenous weight matrix 

Block 1 = β1, β2, ρ , 

γ1,L11,L12, L22 

Block 2 & 3 = Y*s (50 each) 

5 Poisson lognormal spatial autoregressive model 

with an endogenous weight matrix 

Block 1 = β1, β2, ρ , 

γ1,L11,L12, L22 

Block 4 & 9 = Y*s (20 each) 

6 Poisson lognormal spatial autoregressive model 

with an endogenous weight matrix 

Block 1 = β1, β2 

Block 2 =  ρ , γ1 

Block 3 = L11, L12, L22 

Block 4 ~ 24 = Y*s (5 each) 
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The first step is to estimate a Poisson lognormal regression model. Figure 4.8 

presents the trace maps of the two key parameters (β and σ2) estimated in the model 

(together with the 100 latent variable Y*). Both plots show that the model estimates 

begin to converge after the first 2000 iterations, and stay stable and consistent around the 

true values afterwards. Thanks to the simple model structure and enough variation in the 

random sample data, even though the model itself is underdetermined with a large 

number of latent variables to be estimated, it does not suffer from identification prob-

lems.  

Moving on to add in the spatial component using an autoregressive structure, a 

Poisson lognormal spatial autoregressive model is estimated using the simulated data 

and the model estimates are shown in Figure 4.9. It is obvious that it takes longer for the 

model estimates to converge and stay stable during the iterations after the spatial com-

ponent is added in. Both the bias and variance of the model estimates have increased 

compared to the previous model. Overall speaking, the model still presents satisfactory 

recovery capability.  

 Next, an endogenous weight matrix is introduced to the model by using an entry 

Equation Z. Five additional parameters are estimated from the model, and the complexi-

ty of the model also increases due to the multi-layer hierarchical structure and the 

emergence of the endogeneity. As a result, the model suffers from some identification 

problems. As Figure 4.10 shows, the model estimates are significantly worse than the 

ones from previous models. For some parameters, the trace maps don’t show obvious 

signs for convergence, and all parameters show strong fluctuations during the iterations.  

 Given that the Poisson lognormal spatial autoregressive model with an endoge-

nous weight matrix estimated by the Metropolis Hasting algorithm did not show a strong 

recovery capacity, the block MH within Gibbs Sampling algorithm with different block 

sizes was used. The first advantage of using this algorithm is that it makes the model 

estimation higher efficiency. To put it in another way, it assigns more iterations to the 

“important” parameters, and less to the remaining ones. For a hierarchical model, if the 

parameters at the bottom of the model structure are incorrect, the parameters from upper 

layers, which are estimated based on these parameters, will also be incorrect. Therefore, 



 

65 
 

it is inefficient to update the “upper level” parameters if their “base” parameters are 

incorrect. In the proposed model, the parameters β1, β2, ρ, γ1, L11, L12 and L22 can be 

considered as the “base” parameters, while the latent variables Y*s are from upper 

levels. Therefore, dividing the model estimation into different blocks will allow the 

“base” parameters to update more frequently and thus result in better estimates, and 

provide a better foundation for the estimation of the latent variables. Next, it reduces the 

complexity of the model estimation by reducing the number of parameters estimated at 

each iteration. If the sample size is 100, the MH algorithm will estimate 100 (latent 

variables) plus seven parameters at each iteration; the block MH within Gibbs algorithm 

with block size of five will only estimate twelve parameters at a time. The scale effect 

will become more obvious when the sample size increases. Figure 4.11, Figure 4.13 and 

Figure 4.13 present the model estimates by using the block MH within Gibbs algorithm 

of different block sizes. As the block size decreases, the model’s recovery capacity also 

increases, and the model estimates become more stable and closer to their true values.  

        

Figure 4.8. Trace maps of the Poisson lognormal regression model estimates  

(true values: β = 0.5, σ2 = 0.5) 

 

Figure 4.9. Trace maps of the Poisson lognormal spatial autoregressive model estimates 

(true values: true values: β1 = 0.5, ρ= 0.5, σ2 = 0.5) 
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Figure 4.10. Trace maps of the Poisson lognormal spatial autoregressive model with an endogenous 

weight matrix estimates (number of blocks = 1) 

(true values: true values: β1 = 0.5, β2 = 0.3, ρ =0.6, γ1 =0.5, L11 =0.77, L12 =0.72, L22 = 0.54) 

 

Figure 4.11. Trace maps of the Poisson lognormal spatial autoregressive model with an endogenous 

weight matrix estimates (number of blocks = 3) 

(true values: true values: β1 = 0.5, β2 = 0.3, ρ =0.6, γ1 =0.5, L11 =0.77, L12 =0.72, L22 = 0.54) 
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Figure 4.12. Trace maps of the Poisson lognormal spatial autoregressive model with an endogenous 

weight matrix estimates (number of blocks = 9) 

(true values: true values: β1 = 0.5, β2 = 0.3, ρ =0.6, γ1 =0.5, L11 =0.77, L12 =0.72, L22 = 0.54) 

 

Figure 4.13. Trace maps of the Poisson lognormal spatial autoregressive model with an endogenous 

weight matrix estimates (number of blocks = 24) 

(true values: true values: β1 = 0.5, β2 = 0.3, ρ =0.6, γ1 =0.5, L11 =0.77, L12 =0.72, L22 = 0.54) 
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 To conclude, the proposed model is successfully validated, and it shows good 

robustness in general. In the meanwhile, the experiments conducted for the model 

validation also provide some insights to practical modeling design and real-world 

applications. Given that the model is less robust when the spatial auto-correlation is low, 

it is always a good practice to check the trace maps from the Bayesian MCMC estima-

tions. If the trace maps do not present a clear convergence, a model estimate with high 

spatial autocorrelation might be a result of random fluctuations and should not be 

considered as accurate. If this happens, it usually indicates weak spatial dependencies 

among the observations; thus a simplified model without a spatial component can be 

applied. Next, for the weight matrix construction, future researchers are recommended to 

design a weight matrix with a good number of variations in its components, such as the 

inverse cubic Euclidian distance, and take into account only the nearest N neighbors to 

strengthen the contributions from the key “neighbors,” which is even more important 

when the sample size is large. Last but least, the step-wise modeling validation process 

shows the identification problem kicks in when a large number of latent variables are 

added and the model structure becomes complicated. The block Metropolis Hasting 

method is shown to be a good solution to this problem when the block size is carefully 

designed according to the size of the data.  

 The next step is to take into account all the above findings, and apply the model 

to solve some real-world applications, which will be discussed in the next chapter. 
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5.  Model applications 

In this chapter, the Poisson lognormal spatial autoregressive model with an en-

dogenous weight matrix is used to analyze the influencing factors of a sharing economy 

activity – Airbnb establishments in Manhattan, New York City.  Two applications – one 

focuses on the aggregate regional level, and the other is for disaggregate individual level 

– are studied, and the model estimates are summarized and discussed in the following 

sections.  

5.1 Background 

The sharing economy, which is also known as “collaborative consumption” or 

“peer to peer economy”, is defined as “a hybrid market model with peer-to-peer-based 

sharing of access to goods/services through community-based online services”. (Hamari, 

Sjöklint and Ukkonen, 2015). It has become a popular buzz word since its first appear-

ance (Botsman and Rogers 2011) and has created numerous opportunities and challenges 

to the traditional business market and people’s daily lives (Pedersen and Netter 2015; 

OECD 2016). Thanks to the need to reduce ecological impacts (Schor and Fitzmaurice 

2015), the advancement in technology, and the changing attitudes of ownership from 

consumers and their needs for social connections (Botsman and Rogers 2011), the 

sharing economy has been blooming in the past few years , and according to business 

practitioners, it is predicted to increase to 335 billion US dollars by 2025 (PwC 2015).  

As a result, sharing economy activities are beginning to raise the attention among 

researchers. Martin, Upham and Budd (2015) and Martin (2016) have divided existing 

sharing economy activities into four groups: hospitality (e.g., Airbnb), ride sharing (e.g., 

Uber), employment market (e.g., Taskrabbit), and resource sharing (e.g., Ebay). The 

authors then analyzed the phenomenon of the sharing economy as a decentralized, 

equitable and sustainable economy, which may create unregulated marketplaces, rein-

force the neoliberal paradigm and promote innovations. Amongst all the sectors, tourism 

(including hospitality) stands out as a pioneer, and the reason is straightforward: the 

sharing economy creates a more sustainable, economic efficient and authentic tourism 
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experience (OECD 2016; Sigala 2017). From the demand’s perspective, Tussyadiah and 

Pesonen (2016) used two online surveys to investigate the changes in travelers’ behavior 

in response to the peer-to-peer hospitality in the US and Finland. The survey results 

reveal that travelers found peer-to-peer hospitality appealing both socially and economi-

cally: the services provide meaningful social interactions with locals and unique 

traveling experiences at lower costs, allowing travelers to travel more often, stay longer, 

and explore destinations and activities that were previously cost-prohibitive. From the 

perspective of supply, the online platforms enable relatively low start-up costs (Nadler 

2014), diverse products (Shaheen, Mallery and Kingsley, 2012), and more flexible 

services to respond to peak demands (Juul 2015).  

Like many innovations in the market, the rapid growth in the peer-to-peer also 

raises concerns from the research community, policy makers and the business. Dredge 

and Gyimóthy (2015) critically assessed the sharing economy’s implications for tourism 

systems by highlighting five pervasive claims and the need for achieving a balance 

among these aspects. Several studies pointed out that full-time hosts may suffer from 

zero social security coverage if the peer-to-peer hospitality is their only income source 

(Chamber 2014; Schor and Fitzmaurice 2015). Governments and law practitioners are 

also concerned about the immature regulations enforced in the sharing economy com-

munity and the lack of government policies, such as consumers’ rights (Juul 2015; 

Rauch and Schleicher 2015), safety problems(Edelman and Geradin 2015), and tax 

issues (Lyons and Wearing 2015). As a new form of economic activity, the peer-to-peer 

hospitality will also bring risks and threats to the existing hotel hospitality market 

(Council 2014) and the wealth distribution in the society (Dredge and Gyimóthy 2015; 

Schor and Fitzmaurice 2015).  

Existing literature on sharing economy activities is rather fragmented and limited, 

with a few exceptions. Recently, Cheng (2016) provided a comprehensive review of the 

subject using co-citation analysis and content analysis. His paper revealed that existing 

sharing economy studies focus on three primary areas – the business model and its 

impacts (Bardhi and Eckhardt 2012; Cohen and Kietzmann 2014; Cohen and Muñoz 

2016); the nature of the sharing economy business (John 2013; Martin, Upham et al. 
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2015; Wekerle and Classens 2015), and the corresponding sustainable development in 

the business(Albinsson and Yasanthi Perera 2012; Heinrichs 2013; Richardson 2015). 

For the hospitality and tourism sector specifically, researchers studied more 

heavily its impacts on tourism services, travelers and the traditional labor market (Cheng 

2016). For tourism services, the length of stay, the relationship between the guest and the 

host, and the overall traveling experience of a destination can all be influenced by 

sharing economy activities (Dredge and Gyimóthy 2015). As a result, tourists’ behavior 

are also gradually changing, with a stronger connection developed with the community 

(Molz 2013; Tussyadiah and Pesonen 2016). The development of sharing economy 

activities in the hospitality business also transforms the traditional tourism system and its 

labor market, as it is consumers’ consumption, sources for information and knowledge 

production (Andriotis and Agiomirgianakis 2014; Sigala 2017).  

A successful example in sharing economy hospitality business is Airbnb, which 

provides an online platform for tenants and homeowners to communicate directly. It was 

founded in late 2008, first launched as “Airbnb.com” in 2009, and has since grown 

rapidly (Botsman and Rogers 2011). According to Airbnb (2017), there are more than 

2.3 million listings on its website, with an average of 500,000 stays per night around the 

globe. As a young company, Airbnb has already topped many leading hotel chains in the 

world and it is still expanding rapidly (Clampet 2015).  

Like many activities under the umbrella of “sharing economy”, Airbnb estab-

lishments are influenced by people’s connections and strengthen such connections in 

return. For example, the number of Airbnb establishments in a census tract is directly 

influenced by the local competition (which can be evaluated based on the geospatial 

proximity) as well as the pricing strategies and online reviews of similar houses, whose 

information is shared on the Airbnb platform. The latter can be interpreted as peer 

effects generated by the virtual space. In return, the number of establishments will 

influence the pricing strategies and reviews, forming a feedback loop. Similarly, the 

number of transactions for each Airbnb listing is also influenced by his or her neighbors, 

as well as the listing information available online; then based on the number of transac-

tions, the owner will update the housing information online to provide better services, 
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and thus attracting more travelers. As a result, the number of transactions of each listing 

also provides a “feedback” effect to the information posted online, for example, the 

listing price.  

 Although existing literature has pointed out the importance of studying sharing 

economy activities, and their business models and corresponding impacts have been 

investigated, this subject has not been studied quantitatively.  

As a result, this application will focus on two features of the Airbnb establish-

ment in New York City: the count of Airbnb establishments in each census tract in NYC, 

which is an important indicator for business development and land use studies; and the 

number of reviews received by each Airbnb listing, which is a key performance indicator 

(i.e., whether the listing is booked frequently) for all Airbnb hosts and the company itself.  

To the author’s best knowledge, this is the first paper using econometric models 

to study the peer-to-peer hospitality business in sharing economy, which will provide 

insights to city planners, policy makers, industrial practitioners, and set a good founda-

tion for future studies on sharing economy activities.  

The following sections will describe the data used in the application, the process of 

feature selection, the model specification, and concluded by the analysis of the model 

estimates.  
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5.2 Data description and variable specification  

The data used for the applications is drawn from six data sources shown in Table 

5.1.  

The Airbnb data is extracted from the “Inside Airbnb” website, which is an open 

data source that combines information about the Airbnb listings in multiple cities around 

the world.  For NYC listings, the data originates from late 2008, and it is being updated 

constantly.  Each listing has a record, which includes detailed information such as the 

description of the room and the host, the number of reviews obtained, and the listing 

price.  

The Smart Location Database was developed by US EPA Office of Sustainable 

Communities and the Renaissance Planning Group in 2013. It summarizes a wide range 

of demographic, employment, transportation and built environment variables for each 

census block group in the US.  

The NYC crime data is collected by the New York Police Department, which in-

cludes crime rates for different precincts in New York City. For this application, the 

monthly average crime rate is estimated for Year 2017. For economic data, the house-

hold medium income data is extracted from the 2013 American community survey, 

which is collected based on census block groups.  

Finally, the NYC Geodatabase developed and maintained by the GIS lab at Ba-

ruch College, City University of New York, is used to obtain data on the places of  

interests in NYC.  

After all the useful features have been extracted from the data sources, the “joint 

by location” function in QGIS is used to integrate the data.  

For the first application, the variable forming the basis for constructing the de-

pendent variable in the current study is the number of “Airbnb establishments” in 258 

census tract block groups in the Manhattan area in NYC. Unlike traditional hotel chains, 

which are available for booking all year round, the availability of Airbnb listing depends 

on many factors. To minimize the potential bias in the model estimates, Airbnb estab-

lishments that are frequently available for renting (i.e., available for more than 300 days 
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in 2017) are selected for the analysis. Figure 5.1 shows that popular tourism areas such 

as the East village, Lower East Side, and Midtown, have higher number of  

“frequently available for renting” Airbnb establishments. This distribution of the de-

pendent variable generally follows a Poisson distribution, as shown in Figure 5.3. As the 

Poisson distribution applies to small integer numbers, a threshold is proposed and all 

census tract block groups with more than 30 Airbnb establishments are set to 30. While 

this threshold may reduce the variance of the dependent variable, and provides less 

information to the model, it makes the data more appropriate for Poisson regression 

model estimates. What’s more, the purpose of the application is to provide insights to the 

researchers and business practitioners the general trend in the Airbnb development, the 

performance of the “outliers” with extreme values is not the focus of the current study.  

The second application investigates the number of reviews received by each list-

ing in Upper West side of the Manhattan area, in August of Year 2016. The area is 

selected for the application as it has a high number of Airbnb establishments, with 

relatively even distributions (i.e., no extreme outliers). The timeline is selected as 

August is the peak tourism season in NYC. For the distribution of the number of reviews 

received by Airbnb establishments in this region, Figure 5.2 and Figure 5.4 show that 

most listings received two to four reviews this month, and the most popular listings have 

obtained around ten reviews that month.  

For other variables included in the applications, their summary statistics are provided in  

 

Table 5.2 and Table 5.3, respectively. Several categorical variables that describe the 

characteristics of the Airbnb listing have also been explored in the second application, as 

shown in Figure 5.5. The following sections will discuss the theoretical and conceptual 

basis for including these explanatory variables in the study.  
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Table 5.1. Data sources used for the application 

  

Built environment, socio-economic environment and household characteristics  

Since the development of Airbnb establishments is depending on the housing 

units available in the area (e.g., rental apartments and self-owned houses), factors that 

influence the residential location choices should be considered in the study. As a popular 

topic in land use and transportation studies, residential choices have been studied exten-

sively in the literature (Anas 1982; Habib, Day and Miller, 2009; Lee and Waddell 2010). 

Bhat and Guo (2007) studied the effects of built environment attributes on residential 

location choice and car ownership decisions in the San Francisco Bay area. In this study, 

the zonal size, zonal and household demographic characteristics, traffic conditions and 

household auto ownership were found to be important determinants of the residential 

choices. As for socio-economic environment characteristics, population density is an 

attribute that has been studied in most residential choice models (Kim et al., 2005; Palma, 

Picard and Waddell 2007; Lee and Waddell 2010). Another popular feature that falls in 

the group of socio-economic characteristics is the employment distribution, which has 

Data  Provider  Key features included  

Airbnb 
data 

Inside Airbnb (Up-to-date):  
http://insideairbnb.com/about
.html 

Number of reviews, listing price, number 
of rooms available, and other information 
about the listing  

Smart 
location 
data 

US EPA (2013): 
https://www.epa.gov/smartgr
owth/smart-location-
mapping 

Population density, employment density, 
road network density, accessibility, etc  

NYC 
crime 
data 

NYPD (Up-to-date): 
https://maps.nyc.gov/crime/ Crimes per 1000 residents by precinct  

HH 
medium 
income 
data 

American community survey 
(2013) HH medium income  

NYC 
places of 
interest  

NYC Geodatabase (2017): 
https://www.baruch.cuny.edu
/confluence/display/geoporta
l/NYC+Geodatabase 

Location of hospitals, public schools, 
private schools, colleges, green spaces, 
subway stations and complex buildings 
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been implemented using different approaches in the models. For example, Andrew and 

Meen (2006) and Habib, Day and Miller (2009) showed that the employment rate has a 

negative effect on a residential location’s utility in London and Toronto; while Zondag 

and Pieters (2005) and Srour, Kockelman and Dunn (2002) proved that a place with 

higher job densities tends to be more popular when it comes to residential selections. 

Some studies also found that there does not exist any significant effect of this variable 

(de Palma, Picard and Waddell, 2007; Pinjari, Bhat and Hensher, 2009; Pinjari, Pendyala, 

2011). As the decision makers of the residential choices, the characteristics of the 

household, such as the number of employed persons, the  number of children in the 

household, household income and the households’ daily life styles, have also been 

explored in many studies (Krizek and Waddell 2002; de Palma, Picard and Waddell, 

2007; Pinjari, Bhat and Hensher, 2009; Lee and Waddell 2010; Pinjari et al., 2011).  

Based on these studies, the variables explored in the current study (for both ap-

plications) include population density (per acre), number of households, employment 

density by business types, housing financial types (i.e., rent or buy), household car 

ownership, household income and employment conditions, traffic conditions, network 

density and intersection densities, and the crime rates in the neighborhood.  

 

Accessibility, places of interest and transportation infrastructures 

When it comes to residential selection, firm location choices and housing tenure 

decision, the regional accessibility, places of interest around the area, and the availability 

of transportation infrastructures play a vital role.  The access to work places or other 

places of interest, which can be measured by the travel time or travel distance, is some-

thing that a decision maker will always consider. In general, a longer commute time will 

decrease the interest of selecting a location (Bhat and Guo 2007; Zhou and Kockelman 

2008; Habib, Day and Miller, 2009). More recently, several studies began to differenti-

ate the commuting time by different travel modes, such as automobile and public transit, 

and household members (de Palma, Picard Waddell, 2007; Schirmer, 2011). However, 

the general trend is consistent with previous studies. Built on the concept of “access”, 

accessibility is a measure of “the level of opportunities available for spatial interaction 
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between a set of locations, through a transportation infrastructure network (Fe, Condeco-

Melhorado and Reggiani 2014)”.  Bhat et al. (2002) provided a comprehensive summary 

of the main types of accessibility measures commonly used in literature, and the effect of 

each of them on residential location choices have been explored in many studies (Ben-

Akiva and Bowman 1998; Srour, Kockelman and Dunn, 2002; Zondag and Pieters 2005; 

Bhat and Guo 2007; Lee and Waddell 2010). Besides working locations, the accessibil-

ity to other points of interest is also important when people are selecting their residential 

locations. For example, Pinjari, Bhat and Hensher (2009) found out that residents prefer 

to stay closer to education facilities such as schools. A number studies also showed that 

school quality also influence people’s decisions (Kim, Pagliara and Preston, 2005; Chen, 

Chen and Timmermans, 2008; Zhou and Kockelman 2008). Similarly, the proximity to 

retails (Zondag and Pieters 2005; Bhat and Guo 2007; Lee and Waddell 2010), recrea-

tion and sport centers (Pinjari, Bhat and Hensher, 2009; Pinjari et al., 2011), and public 

transportation facilities (Vyvere, Oppewal and Timmermans, 1998; de Palma, Motamedi 

and Waddell, 2005; Habib, Day and Miller, 2009) also influence the location’s utility.  

In this study, the employment accessibility, the auto and transit accessibility, the 

number of hospitals, schools, subway stations and complex buildings are included for 

the two applications.  

Airbnb establishment characteristics and online information.  

 The last group of variables included in this study is based on the characteristics 

of the Airbnb establishment. It is obvious that features of the listing, such as the cleanli-

ness, the rental price, and the number of rooms available, are important explanatory 

variables for the number of reviews received for each listing. As the information is also 

available online, these variables can also be used to measure the “virtual connectivity” 

amongst the host and tourists. For the first application, the average listing price is 

calculated for the model estimation; and for the second application, the listing price, 

number of rooms available, number of bathrooms, number of people that can be accom-

modated for each listing, type of room and type of bed are included in the model 

specification. 
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Figure 5.1. Map of Airbnb establishments in Manhattan (N = 258) 

 

Figure 5.2. Map of Airbnb establishments in upper west side, Manhattan (N = 1068)
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Figure 5.3. Histogram of the number of Airbnb establishments 

 

 

Figure 5.4. Histogram of the number of reviews of each Airbnb listing 
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Table 5.2. Summary statistics (Application 1) 

 

Variable min max mean std.dev 
Number of Airbnb establishment 1 30 17 10 
Mean listing price 55 1053 195 114 
Number of crimes per 1000 persons 1 114 23 19 
HH count 0 8771 2708 1574 
Median HH income 0 1000001 628695 346346 
Percent of owned 0.00 0.78 0.21 0.18 
Percent of rental  0.00 1.00 0.77 0.21 
Street intersection density 0 550 101 86 
Number of subway stations 0 4 1 1 
Number of hospitals 0 3 0 0 
Number of colleges 0 4 0 1 
Number of green spaces 0 8 1 2 
Number of subway stations 0 3 0 1 
Mean min nights required 1 91 4 7 
Mean number of reviews 0 77 22 11 
Housing units 0 3243 560 297 
Total population 174 9658 1298 791 
Percent of zero car ownership 0.00 0.85 0.16 0.18 
Percent of one or two cars ownership 0.00 0.83 0.36 0.15 
Percent of more than two cars ownership 0.00 0.96 0.47 0.24 
Number of workers  0 1969 436 338 
Number of low income workers 0 509 116 87 
Number of medium income workers 0 740 163 125 
Number of high income workers 0 720 157 148 
Total employment 0 69011 994 5591 
Total retail employment 0 3486 64 280 
Total office employment 0 8717 143 743 
Total industrial employment 0 8740 166 781 
Total service employment 0 42663 281 2706 
Total entertainment employment 0 3574 67 308 
Total education employment 0 15267 95 956 
Total health business employment  0 15651 156 1061 
Network density 0 22 1 3 
Intersection density 0 59 2 7 
Employment accessibility  0.00 1.00 0.05 0.17 
Aggregate frequency of transit service per 
square mile 0 957032 99854 126295 
Jobs within 45 min auto travel time  975 1342931 186994 179079 
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Table 5.3. Summary statistics (Application 2) 

 

Variable min max mean std.dev 
Number of reviews 1 11 2 2 
Listing price 29 2000 183 147 
Employment density 0.00 0.09 0.01 0.02 
Population density 0.47 40.11 20.90 12.08 
Number of hospitals  0 2 1 1 
Number of people that can be accommodated  1 12 3 2 
Number of bathrooms 1 6 1 0 
Number of bedrooms 0 6 1 1 
Minimum night required 1 180 4 9 
Maximum night allowed  2 11111 720 688 
Number of housing units 188 776 444 166 
Total population 581 1989 1180 465 
Percent of working age HH members 0.62 0.90 0.71 0.07 
Percent of zero auto ownership  0.00 0.41 0.14 0.10 
Percent of one or two auto ownership 0.24 0.67 0.39 0.11 
Road density  0 15 8 4 
Office employment density 0 19 2 5 
Business employment density 0 8 1 2 
Service employment density 0 4 1 1 
Education employment density 0 7 1 2 
Health care employment density  0 10 1 3 
Jobs per HH 0 15 1 4 
Trip production and attraction equilibrium index  0.00 0.88 0.20 0.28 
Regional diversity  0.00 0.93 0.12 0.20 
Total network density  5 38 26 6 
Street intersection density 6 550 177 115 
HH count 1516 6246 4383 879 
Percent of rent  0 1 1 0 
Medium HH income  483800 1000001 882124 153741 
Number of colleges  1 7 4 2 
Number of schools 10 33 20 5 
Number of subway stations 4 14 8 2 
Percent of low wage workers 0.23 0.49 0.31 0.06 
Activity density  0 62 13 14 
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Figure 5.5. Summary statistics of the categorical variables (application 2) 

  

Type of room 

entire house private room share room 

Type of bed 

air bed futon real bed sofa bed 
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5.3 Model specification 

Based on the variables selected for the study, the Poisson spatial autoregressive 

model with an endogenous weight matrix is applied to both applications, and the model 

specification of each of them is explained as follows.  

 

Application 1: number of Airbnb establishments in the Manhattan area  

This application aims to analyze Airbnb activities by examining the influencing 

factors of the number of Airbnb establishments in the Manhattan area of NYC.  As a 

result, the count of frequently available Airbnb listings (available for rental for at least 

300 days in 2017) in each census block group is used as the dependent variable.  

 For the dependent variable in the entry Equation of the weight matrix (Z), the av-

erage listing price of the listings in a census tract block group is chosen for two major 

reasons. First, the information of the listing price is available online, so it could be 

considered an indicator of the “virtual connections” between hosts and travelers. In other 

words, the hosts will search online to compare his or her listing price with other hosts 

who have similar room conditions or are locate in similar areas. Second, while the price 

of the listing may influence the number of Airbnb establishments in an area, the count of 

listings may also provide a “feedback” effect to the pricing strategies proposed by the 

hosts. After all, a higher number of Airbnb establishments in an area indicates more 

intense competition and the popularity of the area, so the hosts need to find a balance in 

between when setting the rental prices.  

As for the explanatory variables included in the model,  

 

Table 5.2 shows the initial features that have been explored in the model. Using 

the backward step-wise feature selection strategy, the crime rate, the number of house-

holds in a census tract block group, the median average housing price, and the percent of 

self-owned (i.e., bought by the owner) are included in the final specification of the count 

data Equation; the street intersection density and the number subway stations in the 

neighborhood are used as the exogenous explanatory variables for the entry Equation.  
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 As a result, the model for the count of Airbnb listings in the Manhattan area can 

be written as:  

 

Where: 

 

𝑌! = (𝑦!,𝑦!,… ,𝑦!)! is a N×1 vector of observed counts of Airbnb establish-

ments in each census tract block that follow a Poisson distribution, and the 

expected count of 𝑦! is 𝜆!;                         

Y!∗ = ln  (𝜆!) =    (𝑦!∗,𝑦!∗, ,… ,𝑦!∗ , )!  is a N×1 vector of latent variables generated 

from the natural log link function; 

𝑋!! is a N×k1 matrix of exogenous independent variables for Equation 5.1; 

𝛽!! is a k1×1 vector of parameters for exogenous independent variables; and 

𝐸! = (𝜖!, 𝜖!,… , 𝜖!)!  is a N×1 vector of i.i.d. random errors that follows a normal 

distribution N (0, 𝜎!!𝐼);  

ρ  is the spatial autocorrelation coefficient that ranges from zero to one; and 

𝑊! is a N×N weight matrix that defines the spatial connection structure amongst 

the spatial units.  

 

The weight matrix has two components: one defines the geographic proximity 

between the Airbnb establishment, and the other defines their connections online. For 

the geographic proximity component, the Euclidian distance between each pair of the 

centroid of the census block tract is estimated. For the virtual connections, the “econom-

ic distance”, which is estimated based on the average listing price of the Airbnb 

establishments:  

 

𝑌! =   𝑃𝑜𝑖𝑠𝑠𝑜𝑛  (𝜆!)  (5.1) 

Y!∗ = log  (𝜆!) =   𝑋!!𝛽!! + 𝐸! (5.2) 

Y!∗ = log  (𝜆!) =   ρ𝑊!𝑌!∗ + 𝑋!!𝛽!! + 𝐸! (5.3) 
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𝑤!" = 𝛾! ∗ (𝑑!" )+ (1− 𝛾!) ∗ (𝑆!" ), 𝑖   ≠ 𝑗  𝑤!! = 0 (5.4) 

𝑆!"# = 𝑓 𝑧! , 𝑧! = 𝑧! − 𝑧!  (5.5) 

𝑍! = 𝑋!!𝛽!! + Δ! (5.6) 

 

Where: 

 

𝛾! is the weight of the geographic distance; 

𝑑!"  is the geographic distance between census tract block group i and j; 

𝑆!"  is the virtual connection distance between census tract block group i and j; 

𝑍! = (𝑧!! , 𝑧!! ,…    , 𝑧!! )  !is a N×1 matrix representing the observed average listing 

prices of the Airbnb establishments for all census tract block groups;  

𝑋!! is a N×k2 matrix of exogenous independent variables in the entry Equation; 

𝛽!! is a k2×1 matrix of parameters for exogenous independent variables; and 

Δ! = (𝛿!
!, 𝛿!

!,… , 𝛿!
!)!  is a N×1 matrix of i.i.d. random errors that follows a 

normal distribution 𝜙(0,  𝜎!!). 

 

To accommodate the potential endogeneity problem, the error terms in the count 

data Equation and the entry Equation are assumed to follow a multivariate normal 

distribution. When the covariance term becomes nonzero, the weight matrix becomes 

endogenous and the model specification addresses the problem accurately:  

𝜀! , 𝛿! ~  𝑖. 𝑖.𝑑  𝑁!!!
0
0 ,

𝜎!! 𝜎!"!

𝜎!" 𝜎!!
 

(5.7) 
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Application 2: number of reviews received by each Airbnb listing in upper west 

side, Manhattan, NYC  

This application aims to analyze Airbnb activities by examining the influencing 

factors of the number of reviews received by the Airbnb listings in the Upper west area 

in Manhattan, NYC.  As a result, the count of reviews for each listing in that region is 

used as the dependent variable.  

 For the dependent variable in the entry Equation of the weight matrix (Z), the 

listing price for each Airbnb establishment is chosen. Like the first application, the 

reason behind such selection is two-folded: first, the online listing price can serve as 

measure of the “virtual connections” between hosts and travelers; next, a host can 

constantly adjust the listing price based on the reviews he or she received online, there-

fore the count of reviews may also provide a “feedback” effect to the pricing strategies 

proposed by the hosts.  

 As for the explanatory variables included in the model, Table 5.3 shows the ini-

tial features that have been explored in the model. Using the backward step-wise feature 

selection strategy, the employment density, population density and the number of 

hospitals in the neighborhood are included in the final specification of the count data 

Equation; and the number of persons that can be accommodated, the number of bath-

rooms and the number of bedrooms in the house are used as the exogeneous explanatory 

variables for the entry Equation.  

 As a result, the model for the count of Airbnb listings in the Manhattan area can 

be written as:  

 

 

 

 

𝑌! =   𝑃𝑜𝑖𝑠𝑠𝑜𝑛  (𝜆!) (5.8) 

Y!∗ = log  (𝜆!) =   𝑋!!𝛽!! + 𝐸! (5.9) 

Y!∗ = log  (𝜆!) =   ρ𝑊!𝑌!∗ + 𝑋!!𝛽!! + 𝐸! (5.10) 
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Where : 

𝑌! = (𝑦!,𝑦!,… ,𝑦!)! is a N×1 vector of observed counts of review for each 

Airbnb list that follow a Poisson distribution, and the expected count of 𝑦! is 𝜆!;                         

Y!∗ = ln  (𝜆!) =    (𝑦!∗,𝑦!∗, ,… ,𝑦!∗ , )!  is a N×1 vector of latent variables generated 

from the natural log link function; 

𝑋!! is a N×k1 matrix of exogenous independent variables for Equation 5.8; 

𝛽!! is a k1×1 vector of parameters for exogenous independent variables; and 

𝐸! = (𝜖!, 𝜖!,… , 𝜖!)!  is a N×1 vector of i.i.d. random errors that follows a normal 

distribution N (0, 𝜎!!𝐼);  

ρ  is the spatial autocorrelation coefficient that ranges from zero to one; and 

𝑊! is a N×N weight matrix that defines the spatial connection structure amongst 

the spatial units.  

 

The weight matrix has two components: one defines the geographic proximity 

between the Airbnb listings, and the other defines their connections online. For the 

geographic proximity component, the Euclidian distance between each pair of Airbnb 

listing in the Upper West side is estimated. For the virtual connections, the “economic 

distance”, which is estimated based on the listing price of the Airbnb establishments is 

used:  

𝑤!" = 𝛾! ∗ (𝑑!" )+ (1− 𝛾!) ∗ (𝑆!" )    𝑖   ≠ 𝑗  𝑤!! = 0 (5.11) 

𝑆!"# = 𝑓 𝑧! , 𝑧! = 𝑧! − 𝑧!  (5.12) 

𝑍! = 𝑋!!𝛽!! + Δ! (5.13) 

 

Where: 

𝛾! is the weight of the geographic distance; 

𝑑!"  is the geographic distance between Airbnb listing i and j; 

𝑆!"  is the virtual connection distance between Airbnb listing i and j; 
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𝑍! = (𝑧!! , 𝑧!! ,…    , 𝑧!! )  !is a N×1 matrix representing the online listing prices of the 

Airbnb establishments;  

𝑋!! is a N×k2 matrix of exogenous independent variables in the entry Equation; 

𝛽!! is a k2×1 matrix of parameters for exogenous independent variables; and 

Δ! = (𝛿!
!, 𝛿!

!,… , 𝛿!
!)!  is a N×1 matrix of i.i.d. random errors that follows a 

normal distribution 𝜙(0,  𝜎!!). 

Similar to the first application, to accommodate the potential endogeneity prob-

lem, the error terms in the count data Equation and the entry Equation are assumed to 

follow a multivariate normal distribution. When the covariance term becomes nonzero, 

the weight matrix becomes endogenous and the model specification addresses the 

problem accurately:  

 

𝜀! , 𝛿! ~  𝑖. 𝑖.𝑑  𝑁!!!
0
0 ,

𝜎!! 𝜎!"!

𝜎!" 𝜎!!
 

(5.14) 
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5.4 Result analysis  

This section presents the model estimates from two applications, respectively. 

First, the number of burn-in samples is determined, followed by the estimation of the 

means, standard deviations, and posterior distributions of the parameters. Last, the 

findings from the model estimates are discussed and insights drawn from study are 

concluded.  

 Given that the rigorous proof of the convergence of the Bayesian MCMC algo-

rithm is a complicated topic, this study determines the convergence of the model 

estimates by their traces: if a parameter estimate becomes stable after a certain number 

of iterations (i.e., small variations in the model estimate for a sufficient long time), it is 

considered as converged, and the number of iterations before the “stationary point” are 

considered as the “burn-in” period and removed from the model estimates.  

 

Application 1: Number of Airbnb Establishments in the Manhattan Area 

For this application, the estimation process ran 8000 iterations, and the first 6000 

iterations were treated as the “burn-in” period. Therefore, the last 2000 iterations were 

used to estimate the model parameters, and their trace maps and posterior distributions 

are presented in Figure 5.6 and Figure 5.7.  

As discussed in Chapter 4, the model begins with diffuse priors with initial val-

ues estimated from a simple Poisson regression model and a linear regression model. As 

observe in Figure 5.6, different parameters began to converge to their true values after 

certain number of iterations. It is obvious that the parameters for the explanatory varia-

bles in the entry Equation converged quickly after the iteration began, as the model 

structure of the entry Equation is relatively simple and straightforward. Similarly, the 

estimate of the variance of the error terms in the entry Equation also converged quickly 

after the first 800 iterations. For the Poisson spatial autoregressive Equation, the compli-

cated autoregressive structure employed in the Equation created some challenges for the 

model estimates to converge as quickly as the other parameters, especially for the spatial 

autocorrelation coefficient. However, all parameters approached their true values after 
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6000 iterations. As a result, the first 6000 iterations were treated as the “burn-in” period. 

Figure 5.7 shows the posterior distributions of the parameters, based on the estimates 

from the last 2000 iterations.  

As shown in Table 5.4, for the Poisson spatial autoregressive model Equation, 

both the crime rate and the percent of self-owned variables have negative coefficients. 

When a host is making residential choices, or when a tourist is choosing a place to stay 

during his or her trip, the first question that naturally comes to mind is whether the 

neighborhood is safe or not. There is no doubt that people prefer to live in safer areas, 

both for long-term and short-term stays. The result is also consistent with other studies in 

the literature: both Weisbrod, Lerman et al. (1980) and Andrew and Meen (2006) found 

the crime rate had a negative impact on residential choices. The reason behind the 

negative coefficient of the “percent of self-owned” variable is also straightforward: 

people are less interested in renting their houses to strangers if they have already bought 

the houses; on the contrary, they worried less about whether the strangers may damage 

their homes if they are just renting the houses or apartments. The other two variables in 

the Equation - number of households in the census tract block group and the medium 

housing price – were observed to have positive effects on the number of Airbnb estab-

lishments. It is obvious that an area with more household units tends to have more 

Airbnb establishments. The effect of housing prices, however, has a more complicated 

theory behind it. As an important determinant in residential choices, it has been explored 

in numerous studies (Srour, Kockelman and Dunn, 2002; Löchl and Axhausen 2010; 

Pinjari, Pendyala, Bhat and Waddell, 2011), and both positive and negative effects have 

been found given different data and estimation methods (Walker and Li 2007; Habib, 

Day and Miller, 2009). In this application, it is not surprising to observe that an area with 

higher house values tends to have more Airbnb establishments as this usually indicates 

an area with good security and high quality standards, especially in New York City.  

For the entry Equation, the average listing price was found to be positively influ-

enced by the street intersection density and the number of subway stations in the 

neighborhood. These two variables indicate the overall accessibility in the area, especial-
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ly for big cities like NYC. The availability of public transportation is particularly im-

portant for travelers as most tourists take the subway to travel around the city.  

The spatial autocorrelation coefficient is found to be statistically significant in 

this study, and the mean estimate of 0.704 indicates a strong positive correlation among 

the Airbnb establishments in the Manhattan area. If such effect was not specified in the 

model, the estimates would be biased and inconsistent. The γ coefficient captures the 

contribution of the “geographic proximity” among observations to the weight matrix. A 

relatively small coefficient indicates that a substantial portion of the connections formed 

among the Airbnb establishments is coming from their “virtual connections” – listing 

price – online. The remaining parameters estimated are the variances of the error terms 

in both Equations, together with the covariance between them. The covariance term, 

which quantifies the “feedback” effect of the number of Airbnb establishments in the 

neighborhood to the average listing price online, does not show a strong statistical 

significance. In other words, the weight matrix is not endogenous in this application. 

This could result from several reasons. First, it is possible that for some census tract 

block groups, the listing price varies a lot among Airbnb establishment; therefore, the 

average price cannot fully capture different pricing strategies proposed by the hosts in 

response to local competitions. Another reason is that the Airbnb hospitality market is 

still developing rapidly; the interactions between the number of Airbnb establishments in 

the area and their average price is unstable, making it more challenging for the model to 

capture it.  
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Table 5.4. Estimation results (Application 1, N = 258) 

Variable 

 
Mean  

Standard 
deviation 

Pseudo t 
statistic 

95% confidence 
interval  

 

const 0.817 0.090 9.037 0.806 0.829 
crime rate -0.072 0.041 -1.760 -0.077 -0.067 

number of HH 0.262 0.038 6.811 0.257 0.266 
medium housing price 0.186 0.033 5.721 0.182 0.190 
% of self-owned house -0.182 0.033 -5.522 -0.186 -0.178 

 

const 1.953 0.058 33.696 1.946 1.960 
street intersection density 0.238 0.050 4.731 0.232 0.244 

# of subway stations 0.352 0.055 6.355 0.345 0.359 
  0.704 0.036 19.812 0.700 0.708 

 
 0.193 0.107 1.804 0.180 0.206 

V 

 

0.547 0.026 21.382 0.543 0.550 
 

-0.067 0.072 -0.934 -0.076 -0.058 
 

1.066 0.043 25.000 1.061 1.072 
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Figure 5.6. Traces of the parameters (Application 1) 
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Figure 5.7. Posterior distribution of the parameters (Application 1) 
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Application 2: number of reviews received by each Airbnb listing in upper west 

side, Manhattan, NYC  

For this application, the estimation process ran 10000 iterations, and their trace 

maps and posterior distributions are presented in Figure 5.8.  

As discussed in Chapter 4, the model begins with diffuse priors with initial val-

ues estimated from a simple Poisson regression model and a linear regression model. As 

observe in Figure 5.8, different parameters were trying to converge to their true values as 

the iteration begins. Unfortunately, no obvious stationary trend can be found for the 

parameters estimated in this model.  

As a result, the model estimates are not converged and it is impossible to derive 

any insights or draw any conclusions from them. Several reasons may contribute to this 

result. For one thing, the explanatory variables selected for the Poisson spatial auto-

regressive model Equation are not strongly correlated with the dependent variable – the 

number of reviews received by each listing. During the feature selection process, even 

the most significant attributes were found to have a correlation less than 0.3 with the 

dependent variables. Next, there is a very strong spatial auto-correlation among the 

number of reviews received by each Airbnb listing. As a result, the two deterministic 

components (i.e., spatial and exogeneous explanatory variables) are substantially imbal-

anced, which introduces identification problems into the model estimates. Another 

probable reason behind such observation is related to the dependent variable itself. The 

number of reviews received by each listing can be misleading itself: it is possible that 

only the “very happy” or “extremely disappointed” tourists will leave a comment online; 

what’s more, the number of reviews received by a listing in a month also depends on the 

length of existence of the Airbnb account. Listing with longer history tends to attract 

more tourists, as opposed to the new ones. As a result, a more consistent variable such as 

the “number of transactions” made by each Airbnb listing would be a more appropriate 

dependent variable for this application. Unfortunately, this information is not available 

for the current study.  
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Figure 5.8. Traces of the parameters (Application 2) 
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5.5 Conclusion 

This chapter applies the Poisson spatial autoregressive model with an endoge-

nous weight matrix to examine two applications of Airbnb establishments in the 

Manhattan area, New York City.  

The first application focuses on the number of Airbnb establishments in each 

census tract block group, and the model estimates found that it is less likely for hosts to 

establish an Airbnb listing in dangerous areas, or when the hosts have already bought the 

houses. What’s more, more Airbnb establishment are likely to be found in areas with 

larger number of households and higher housing prices. The model also finds out that 

listings in areas with better accessibility to public transits tend to have higher rental 

prices. The spatial auto-correlation has also been detected among the Airbnb establish-

ments.  

 The second application explores the number of reviews received by each Airbnb 

listing. However, the model estimates failed to converge due to several reasons, which 

can be further explored in future studies.  

Although the weight matrix is found to be exogenous in the first application, the 

proposed model with an endogenous weight matrix can study many activities under the 

umbrella of sharing economy. For example, the number of online transactions for each 

Airbnb listing is influenced by its rental price online, and the host, after reviewing his or 

her online transactions and compares them with other hosts, will modify the online 

listing price accordingly. As a result, this mutual effect will result in an endogenous 

weight matrix. The model can also be used to study people’s travel behavior in the near 

future. For example, the autonomous vehicle, which can be easily programmed and 

shared by households who live in the same neighborhood, may change the way people 

travel. With well-planned schedules and coordination, it may even replace the traditional 

household owned vehicles. The number of autonomous vehicles for each neighborhood 

can be studied by the proposed model, since it will be influenced by the connections 

between different neighborhoods, and will also influence the connections between the 

neighborhoods, resulting an endogenous weight matrix.  
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6. Conclusion and future studies  

6.1 Conclusion 

Over the past decades, the growth in information technology has changed the 

way people travel and make decisions completely. For example, Airbnb provides an 

online marketplace to connect people around the world – everyone can list or book a 

room through the system. Similarly, the Uber app that can be used on mobiles connects 

drivers and riders effortlessly. For drivers, it allows people to drive whenever they want; 

for passengers, it provides a convenient, inexpensive and safe cab service. Most im-

portantly, people who used to be strangers are now connected with each other and make 

decisions together. Existing spatial econometric models address such interdependences 

by establishing a weight matrix, which is usually defined by the geographic proximity 

among the observations. However, these models cannot accommodate the interdepend-

ences generated online or via mobile phones; in addition, they are unable to disentangle 

the “dual-direction interactions” between the interdependences and people’s decision 

making process. In most existing studies, the weight matrix is assumed to be exogeneous, 

and violations of this assumption arise when the dependent variable in the model and the 

weight matrix are influencing each other simultaneously. In other words, the connections 

among people are not only influencing their behavior, but are also influenced by the 

decisions made by the individuals. Therefore, it will be important develop a more 

advanced spatial econometric model that can accommodate an endogenous weight 

matrix. In addition, the weight matrix should be defined in a way that can consider the 

connections formed online and by geographic proximity.  

This dissertation sheds some light on this topic by developing an innovative 

Poisson spatial regression model with an endogenous weight matrix, which can address 

these new types of interdependencies involved in many transportation and regional 

development problems. Inspired by previous studies, the proposed model borrows the 

idea of using an “entry Equation” to define the weight matrix. Specifically, the model is 

composed of two Equations. The peer effects from the virtual connections online are 

defined by a regression model (Equation 1), then the outcome of this model will “enter” 
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the Poisson spatial autorepression model (Equation 2) as a component of the weight 

matrix. To account for the mutual interactions between the count response and the 

weight matrix, the error terms in both Equations can be correlated with each other. A 

major contribution of this dissertation is that it allows the response variable to be a count 

data (i.e., small positive integers), which can be commonly observed in regional science 

and economic problems. Examples include the number of housing establishments in a 

neighborhood, the number of vehicles on road, and the number of transactions made 

online.  

The Bayesian approach is used to estimate the model, given its complicated 

structure and high dimensional integrals in the likelihood function. Several Markov 

Chain Monte Carlo simulation methods are used and compared in the model validation 

process, and the Block Metropolis Hasting within Gibbs Sampling method is selected for 

the final model estimation. To fully validate the model and analyze the sensitivity of the 

model in response to different parameter values, a total of 39 scenarios with different 

simulated data and model specifications are estimated. Estimation results show that all 

parameters can be recovered successfully, and the model is validated with satisfactory 

robustness.  

  The validated model is then applied to study sharing economy activities from a 

popular online marketplace – Airbnb – in the Manhattan area in NYC. The first empiri-

cal analysis focuses on the number of Airbnb establishments developed in each census 

tract block group. A general observation is that there are more Airbnb listings available 

in safer and more expensive neighborhoods with good access to public transportation. 

Obviously, most travelers would prefer to stay in good neighborhoods rather than areas 

with safety concerns.  The model estimates also indicate that hosts are more likely to 

turn their houses/rooms into Airbnb listings if they are renting the houses or apartments 

themselves. The second empirical analysis targets the number of reviews received by 

each Airbnb listing. For several practical reasons, the model is not able to converge and 

provide meaningful model estimates. However, this application shows the potential 

limitations of the current proposed model, which provides useful information for re-

searchers who are interested in using the model for empirical studies.  
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 In summary, this dissertation develops a spatial econometric model for count 

data to fill the void of investigating peer effects formed from virtual connections, and the 

mutual interactions between people’s connections and travel behaviors. While traditional 

spatial econometric models are unable to address all aspects of new economic activities 

formed in the information technology era, the proposed model and results summarized 

from the empirical study points to an important pathway for future studies. 

6.2 Future studies 

For future studies, there are several extensions that can be further explored for 

the model specification. First, the weight matrix can be specified in different forms. The 

current study uses a linear combination of the geographic proximity component and 

virtual connection component to measure the interdependences among the individuals, 

which can be extended to more complicated structures such as the gravity model. Next, 

it will also be important to incorporate the panel effects, such as the state fixed effects 

and time fixed effects, in the model. An issue that is perhaps not completely well cap-

tured in the current model is the different model forms of the count data. Besides the 

Poisson regression model, many other models for count data can also be used to incorpo-

rate an endogenous weight matrix using an entry Equation.  

 For empirical studies, given the availability of the data, this dissertation explores 

only a small portion of the sharing economy activities that have emerged as a result of 

information technology developments. There are many other interesting applications 

worth investigating, so that important insights and recommendations can be proposed to 

researchers, policy makers and industrial practitioners.  

 

  



 

102 
 

Bibliography 

 
Abbott, Andrew. 1997. "Of Time and Space: The Contemporary Relevance of the 
Chicago School." Social Forces 75: 1149-1182. 
  
Aguero-Valverde, Jonathan, and Paul P. Jovanis. 2008. "Analysis of Road Crash 
Frequency with Spatial Models." Transportation Research Record: Journal of the 
Transportation Research Board 2061: 55-63. 
  
Aguero-Valverde, Jonathan and Paul Jovanis. 2006. "Spatial Analysis of Fatal and Injury 
Crashes in Pennsylvania." Accident Analysis and Prevention 38: 618-625. 
  
Ai, Chunrong, and Li Gan. 2010. "An Alternative Root-N Consistent Estimator for Panel 
Data Binary Choice Models." Journal of Econometrics 157: 93-100. 
  
Airbnb. 2017. "Airbnb Facts." Accessed Jan 17, 2017. https://www.airbnb. com/about-
/about-us. airbnb.  
  
Albinsson, Pia A., and B Yasanthi Perera. 2012. "Alternative Marketplaces in the 21st 
Century: Building Community through Sharing Events." Journal of Consumer 
Behaviour 11: 303-315. 
  
Amit, Yali, Ulf Grenander and Mauro Piccioni. 1991. "Structural Image Restoration 
through Deformable Templates." Journal of the American Statistical Association 86: 
376-387. 
  
Anas, Alex. 1982. Residential Location Markets and Urban Transportation, Economic 
Theory, Econometrics, and Policy Analysis with Discrete Choice Models. London: 
Academic Press. 
  
Andrew, Mark and Geoffrey Meen. 2006. "Population Structure and Location Choice: A 
Study of London and South East England." Papers in Regional Science 85: 401-419. 
  
Andriotis, Konstantinos and George Agiomirgianakis. 2014. "Market Escape through 
Exchange: Home Swap as a Form of Non-Commercial Hospitality." Current Issues in 
Tourism 17: 576-591. 
  
Anselin, Luc. 1988. "Lagrange Multiplier Test Diagnostics for Spatial Dependence and 
Spatial Heterogeneity." Geographical Analysis 20: 1-17. 
  
Anselin, Luc. 2010. Spatial Econometrics: Methods and Models. Boston: Kluwer 
Academic.  
  



 

103 
 

Anselin, Luc. 1995. SpaceStat Version 1.80: User's Guide. Morgantown: Regional 
Research Institute, West Virginia University. 
  
Anselin, Luc. 1999. "Interactive Techniques and Exploratory Spatial Data Analysis." In 
Geographical Information Systems: Principles, Techniques, Management and 
Applications, edited by Paul A. Longley, Michael F. Goodchild, David J. Maguire and 
David W. Rhind, 251-264. Hoboken: Wiley. Accessed Jan 17, 2017. 
http://www.geos.ed.ac.uk/~gisteac-/gis_book_abridged/files/ch17.pdf. 
 
Anselin, Luc. 2001. "Spatial Econometrics." In A Companion to Theoretical 
Econometrics, edited by Badi H.Baltagi, 310-330. Malden: Blackwell Publishing Ltd.  
  
Anselin, Luc. 2002. "Under the Hood Issues in the Specification and Interpretation of 
Spatial Regression Models." Agricultural Economics 27: 247-267. 
  
Anselin, Luc. 2003. "Spatial Externalities, Spatial Multipliers, and Spatial 
Econometrics." International Regional Science Review 26: 153-166. 
   
Anselin, Luc and Anil K. Bera. 1996. Spatial Dependence in Linear Regression Models 
with an Introduction to Spatial Econometrics. Urbana-Champaign: University of Illinois 
at Urbana-Champaign.  
  
Anselin, Luc, Jacqueline Cohen, David Cook, Wilpen Gorr, and George Tita. 2000. 
"Spatial Analyses of Crime." In Measurement and Analysis of Crime and Justice, edited 
by Gary Lafree, Charles M. Friel, Julie Horney and David Duffee, 213-262. Washington, 
D.C.: U.S. Department of Justice, Office of Justice Programs, National Institue of 
Justice.  
  
Anselin, Luc and Daniel A. Griffith. 1988. "Do Spatial Effecfs Really Matter in 
Regression Analysis?" Papers in Regional Science 65: 11-34. 
  
Anselin, Luc and Harry H. Kelejian. 1997. "Testing for Spatial Error Autocorrelation in 
the Presence of Endogenous Regressors." International Regional Science Review 20: 
153-182. 
  
Anselin, Luc, and Nancy Lozano-Gracia. 2011. "Spatial Hedonic Models." In Palgrave 
Handbook of Econometrics/Volume 2, Applied Econometrics, edited by Terence C. Mills 
and Kerry Patterson, 1213-1250. Basingstoke: Palgrave Macmillan.  
  
Banerjee, Sudipto, Bradley P. Carlin, and Alan E. Gelfand. 2015. Hierarchical Modeling 
and Analysis for Spatial Data. Boca Raton: Chapman & Hall.  
  
Bardhi, Fleura and Giana M. Eckhardt. 2012. "Access-based Consumption: The Case of 
Car Sharing." Journal of Consumer Research 39: 881-898. 



 

104 
 

  
Bardossy, Andras and Erich J. Plate. 1992. "Space-Time Model for Daily Rainfall Using 
Atmospheric Circulation Patterns." Water Resources Research 28: 1247-1259. 
  
Behrens, Kristian, Cem Ertur, and Wilfried Koch. 2012. "‘Dual’gravity: Using Spatial 
Econometrics to Control for Multilateral Resistance." Journal of Applied Econometrics 
27: 773-794. 
  
Ben-Akiva, Moshe and Bruno Boccara. 1995. "Discrete Choice Models with Latent 
Choice Sets." International Journal of Research in Marketing 12: 9-24. 
  
Ben-Akiva, Moshe and John L. Bowman. 1998. "Integration of an Activity-Based Model 
System and a Residential Location Model." Urban Studies 35: 1131-1153. 
  
Ben-Akiva, Moshe, Joan Walker, Adriana T. Bernardino, Dinesh A. Gopinath, Taka 
Morikawa, and Amalia Polydoropoulou. 2014. "Integration of Choice and Latent 
Variable Models." In Perpetual Motion: Travel Behaviour Research Opportunities and 
Application Challenges, edited by Hani S. Mahmassani, 431-470. London: Elsevier 
Science.  
  
Beron, J. Kurt and Wim PM. Vijverberg. 2004. "Probit in a Spatial Context: A Monte 
Carlo Analysis." In Advances in Spatial Econometrics: Methodology, Tools, and 
Applications, edited by Luc Anselin, Raymond J.G.M. Florax, and Sergio J. Rey, 169-
195. Berlin: Springer.  
  
Berry, Steven, James Levinsohn, and Ariel Pakes. 1995. "Automobile Prices in Market 
Equilibrium." Econometrica: Journal of the Econometric Society: 841-890. 
  
Besag, Julian. 1975. "Statistical Analysis of Non-Lattice Data." Journal of the Royal 
Statistical Society. Series D (The Statistician) 24: 179-195. 
  
Bhat, Chandra, Susan Handy, Kara Kockelman, Hani Mahmassani, Anand Gopal, Issam 
Srour, and Lisa Weston. 2002. "Development of an Urban Accessibility Index: 
Formulations, Aggregation, and Application." Research Report Number 4938-4, 
University Of Texas Austin, Austin. Accessed Jan 17, 2017. http://ctr.utexas.edu/wp-
content/uploads/pubs/4938_4.pdf.  
  
Bhat, Chandra. R., Kathryn Born, Raghuprasad Sidharthan, and Prema C. Bhat. 2014. 
"A Count Data Model with Endogenous Covariates: Formulation and Application to 
Roadway Crash Frequency at Intersections." Analytic Methods in Accident Research 1: 
53-71. 
  



 

105 
 

Bhat, Chandra. R. and Jessica Y. Guo. 2007. "A Comprehensive Analysis of Built 
Environment Characteristics on Household Residential Choice and Auto Ownership 
Levels." Transportation Research Part B: Methodological 41: 506-526. 
  
Bhat, Chandra. R., Rajesh Paleti, and Palvinder Singh. 2014. "A Spatial Multivariate 
Count Model for Firm Location Decisions." Journal of Regional Science 54: 462-502. 
  
Bhattacharjee, Arnab and Chris Jensen-Butler. 2005. Estimation of Spatial Weights 
Matrix in a Spatial Error Model, with an Application to Diffusion in Housing Demand. 
Centre for Research into Industry, Enterprise, Finance and the Firm Discussion Papers, 
No. 0519. Accessed Jan 17, 2017. http://discovery.dundee.ac.uk/portal/files/1273900-
/dp0519.pdf. 
  
Bivand, Roger. 2017. "Spdep: Spatial Dependence: Weighting Schemes, Statistics and 
Models." R Package Version 0.6-13. Accessed Jan 17, 2017. https://cran.r-
project.org/web/packages/spdep/spdep.pdf. 
  
Blundell, Richard W. and James L. Powell. 2004. "Endogeneity in Semiparametric 
Binary Response Models." The Review of Economic Studies 71: 655-679. 
  
Botsman, Rachel and Roo Rogers. 2011. What's Mine is Yours: How Collaborative 
Consumption is Changing the Way We Live. London: Collins.  
 
Boatwright, Peter, Sharad Borle,  Joseph Kadane, Thomas Minka, and Galit Shmueli. 
2006. "Conjugate Analysis of the Conway-Maxwell-Poisson Distribution." Bayesian 
Analysis 1: 363-374. 
  
Bradby, Jodie E., Jocelyn S. Williams, J.Wong-Leung, and Michael V. Swain, and Paul 
Munroe, 2001. "Mechanical Deformation in Silicon by Micro-Indentation." Journal of 
Materials Research 16: 1500-1507. 
  
Brooks, Stephen P. and Andrew Gelman. 1998. "General Methods for Monitoring 
Convergence of Iterative Simulations." Journal of Computational and Graphical 
Statistics 7: 434-455. 
  
Cameron, Colin A., and Pravin K. Trivedi. 2013. Regression Analysis of Count Data. 
New York: Cambridge University Press. 
  
Cardozo, Osvaldo Daniel, Juan C. García-Palomares, and Javier Gutierrez. 2012. 
"Application of Geographically Weighted Regression to the Direct Forecasting of 
Transit Ridership at Station-Level." Applied Geography 34: 548-558. 
  
Castro, Marisol, Rajesh Paleti, and Chandra R. Bhat. 2012. "A Latent Variable 
Representation of Count Data Models to Accommodate Spatial and Temporal 



 

106 
 

Dependence: Application to Predicting Crash Frequency at Intersections." 
Transportation Research Part B: Methodological 46: 253-272. 
  
Castro, Marisol, Rajesh Paleti, and Chandra R. Bhat. 2013. "A Spatial Generalized 
Ordered Response Model to Examine Highway Crash Injury Severity." Accident 
Analysis and Prevention 52: 188-203. 
  
Chakir, Raja and Julie Le Gallo. 2013. "Predicting Land Use Allocation in France: A 
Spatial Panel Data Analysis." Ecological Economics 92: 114-125. 
  
Chandrasekhar, Arun G., and Randall A. Lewis. 2011. "Econometrics of Sampled 
Networks." MIT Working Paper. Accessed Jan 17, 2017. 
https://www.researchgate.net/publication/265352443_Econometrics_of_sampled_networ
ks.  
  
Chen, Jason, Cythia Chen, and Harry Timmermans. 2008. "Accessibility Trade-Offs in 
Household Residential Location Decisions." Transportation Research Record: Journal 
of the Transportation Research Board: 71-79. 
  
Cheng, Mingming. 2016. "Sharing Economy: A Review and Agenda for Future 
Research." International Journal of Hospitality Management 57: 60-70. 
  
Cheng, Wei and Lung-Fei Lee. 2017. "Testing Endogeneity of Spatial and Social 
Networks." Regional Science and Urban Economics 64: 81-97. 
  
Chib, Siddhartha. 1995. "Marginal Likelihood from the Gibbs Output." Journal of the 
American Statistical Association 90: 1313-1321. 
  
Chib, Siddhartha and Bradley P. Carlin. 1999. "On MCMC Sampling in Hierarchical 
Longitudinal Models." Statistics and Computing 9: 17-26. 
  
Chib, Siddhartha and Edward Greenberg. 1994. "Bayes Inference in Regression Models 
with ARMA (P, Q) Errors." Journal of Econometrics 64: 183-206. 
  
Chun, Yongwan. 2008. "Modeling Network Autocorrelation within Migration Flows by 
Eigenvector Spatial Filtering." Journal of Geographical Systems 10: 317-344. 
  
Chun, Yongwan and Daniel A. Griffith. 2011. "Modeling Network Autocorrelation in 
Space–Time Migration Flow Data: An Eigenvector Spatial Filtering Approach." Annals 
of the Association of American Geographers 101: 523-536. 
  
Clampet, Jason. 2015. "What’s an Airbnb Listing Worth in 2015." Accessed Jan 17, 
2017. Skift. https://Skift.Com/2015/06/19/Whats-An-Airbnb-Listing-Worth-In-2015/.  
  



 

107 
 

Cliff, Andrew David and Keith J. Ord. 1981. Spatial Processes: Models & Applications. 
London: Pion. 
  
Cohen, Boyd and Jan Kietzmann. 2014. "Ride On! Mobility Business Models for the 
Sharing Economy." Organization & Environment 27: 279-296. 
  
Cohen, Boyd and Pablo Muñoz. 2016. "Sharing Cities and Sustainable Consumption and 
Production: Towards an Integrated Framework." Journal of Cleaner Production 134: 87-
97. 
  
Cohen, Jeffrey P., and Catherine J. Morrison Paul. 2004. "Public Infrastructure 
Investment, Interstate Spatial Spillovers, and Manufacturing Costs." Review of 
Economics and Statistics 86: 551-560. 
  
Conley, Timothy G. 1996. Econometric Modelling of Cross Sectional Dependence. Ph.D. 
Dissertation, University of Chicago. 
   
Cowles, Mary K., and Bradley P. Carlin. 1996. "Markov Chain Monte Carlo 
Convergence Diagnostics: A Comparative Review." Journal of the American Statistical 
Association 91: 883-904. 
  
Dall'erba, Sandy and Julie L. Gallo. 2008. "Regional Convergence and the Impact of 
European Structural Funds over 1989–1999: A Spatial Econometric Analysis." Papers in 
Regional Science 87: 219-244. 
  
Davis, Gary and Shimin Yang. 2001. "Bayesian Identification of High-Risk Intersections 
for Older Drivers via Gibbs Sampling." Transportation Research Record: Journal of the 
Transportation Research Board: 84-89. 
  
De Palma, Andre, Kiarash Motamedi, Nathalie Picard, and Paul Waddell. 2005. "A 
Model of Residential Location Choice with Endogenous Housing Prices and Traffic for 
the Paris Region." European Transp 31: 67-82.  
  
Dendoncker, Nicolas, Mark Rounsevell, and Patrick Bogaert. 2007. "Spatial Analysis 
and Modelling of Land Use Distributions in Belgium." Computers, Environment and 
Urban Systems 31: 188-205. 
  
Desmet, Klaus and Esteban Rossi-Hansberg. 2015. "On the Spatial Economic Impact of 
Global Warming." Journal of Urban Economics 88: 16-37. 
  
Diniz-Filho, Jose Alexandre Felizola and Luis Mauricio Bini. 2005. "Modelling 
Geographical Patterns in Species Richness Using Eigenvector‐Based Spatial Filters." 
Global Ecology and Biogeography 14: 177-185. 
 



 

108 
 

Dormann, Carsten F., Jana M. Mcpherson, Miguel B. Araujo, Roger Bivand, Janine 
Bolliger, Gudrun Carl, Richard G. Davies, Alexandre Hirzel, Walter Jetz, W. Daniel 
Kissling, Ingolf Kühn, Ralf Ohlemüller, Pedro R. Peres-Neto, Björn Reineking, Boris 
Schröder, Frank M. Schurr, Robert Wilson. 2007. "Methods to Account for Spatial 
Autocorrelation in the Analysis of Species Distributional Data: A Review." Ecography 
30: 609-628. 
  
Dredge, Dianne and Szilvia Gyimóthy. 2015. "The Collaborative Economy and 
Tourism: Critical Perspectives, Questionable Claims and Silenced Voices." Tourism 
Recreation Research 40: 286-302. 
  
Dubin, Robin. 1995. "Estimating Logit Models with Spatial Dependence." In New 
Directions in Spatial Econometrics, edited by Luc Anselin and Raymond J.G.M. Florax, 
229-242. Berlin: Springer.  
  
Edelman, Benjamin G. and Damien Geradin. 2015. Efficiencies and Regulatory 
Shortcuts: How Should We Regulate Companies Like Airbnb and Uber.  Boston: Havard 
Business School.  
 
Elhorst, Paul J. 2010. "Applied Spatial Econometrics: Raising the Bar." Spatial 
Economic Analysis 5: 9-28. 
  
Elhorst, Paul J. 2009. "Spatial Panel Data Models." In Handbook of Applied Spatial 
Analysis: Software Tools, Methods and Applications, edited by Manfred M. Fischer and 
Arthur Getis, 377-407. Berlin: Springer.  
  
Fe, Mala, Ana Conderco-Melhorado and Aura Reggiani, and Javier Gutierrez. 2014. 
Accessibility and Spatial Interaction. Cheltenham: Edward Elgar Publishing Limited. 
  
Fingleton, Bernard. 2008. "A Generalized Method of Moments Estimator for a Spatial 
Panel Model with an Endogenous Spatial Lag and Spatial Moving Average Errors." 
Spatial Economic Analysis 3: 27-44. 
  
Fingleton, Bernard and Julie Le Gallo. 2008. "Estimating Spatial Models with 
Endogenous Variables, A Spatial Lag and Spatially Dependent Disturbances: Finite 
Sample Properties." Papers in Regional Science 87: 319-339. 
  
Fingleton, Bernard and Julie Le Gallo. 2010. "Endogeneity in a Spatial Context: 
Properties of Estimators." In Progress in Spatial Analysis: Methods and Applications, 
edited by Antonio Paez, Julie Gallo, Ron N. Buliung, and Sandy Dali'erbra, 59-73. 
Berlin: Springer.  
  
Fleming, Mark M. 2004. "Techniques for Estimating Spatially Dependent Discrete 
Choice Models." In Advances in Spatial Econometrics: Methodology, Tools and 



 

109 
 

Application, edited by Luc Anselin, Raymond J.G.M. Florax, and Sergio J. Rey, 145-
168. Berlin, Springer.  
  
Florax, Raymond J., and Peter Nijkamp. 2003. "Misspecification in Linear Spatial 
Regression Models." In Encyclopedia of Social Measurement, edited by Kimberly K. 
leonard, 695-707. Amsterdam: Elsevier.  
  
Florax, Raymond J and Arno J. Van der Vlist. 2003. "Spatial Econometric Data 
Analysis: Moving Beyond Traditional Models." International Regional Science Review 
26: 223-243. 
  
Fotheringham, A. Stewart, Chris Brunsdon, and Marin Charlton. 2010. Geographically 
Weighted Regression: The Analysis Of Spatially Varying Relationships. Chichester: 
Wiley.  
 
Fotheringham, A. Stewart, Martin Charlton, and Chris Brunsdon. 1996. "The Geography 
Of Parameter Space: an Investigation Of Spatial Non-Stationarity." International 
Journal of Geographical Information Systems 10: 605-627. 
  
Franzese J., Robert and Jude C. Hays. 2008. "Interdependence in Comparative Politics: 
Substance, Theory, Empirics, Substance." Comparative Political Studies 41: 742-780. 
  
Frazier, Christopher and Kara Kockelman. 2005. "Spatial Econometric Models for Panel 
Data: Incorporating Spatial and Temporal Data." Transportation Research Record: 
Journal of the Transportation Research Board 1902: 80-90. 
  

Fujita, Masahisa and Paul Krugman. 2004. "The New Economic Geography: Past, 
Present and the Future." Papers in Regional Science 83: 139-164. 
  
Fujita, Masahisa, Paul R. Krugman, Anthony J. Venables, and Massahisa Fujita. 1999. 
The Spatial Economy: Cities, Regions and International Trade. Cambridge: The MIT 
Press. 
  
Gelfand, Alan E. and Adrian F. Smith. 1990. "Sampling-Based Approaches to 
Calculating Marginal Densities." Journal of the American Statistical Association 85: 
398-409. 
  
Gelman, Andrew, John B. Carlin, Hal S. Stern, David B. Dunson, Aki Vehtari and 
Donald B. Rubin. 2014. Bayesian Data Analysis. Boca Raton, FL: CRC Press. 
  
Geman, Stuart and Donald Geman. 1984. "Stochastic Relaxation, Gibbs Distributions, 
and the Bayesian Restoration Of Images." IEEE Transactions on Pattern Analysis and 
Machine Intelligence: 721-741. 
  



 

110 
 

Ghosh, Debarchana and Steven M. Manson. 2008. "Robust Principal Component 
Analysis and Geographically Weighted Regression: Urbanization in the Twin Cities 
Metropolitan Area of Minnesota." Journal of the Urban and Regional Information 
Systems Association 20: 15-26. 
  
Goetzke, Frank. 2008. "Network Effects in Public Transit Use: Evidence from a 
Spatially Autoregressive Mode Choice Model for New York." Urban Studies 45: 407-
417. 
  
Goldsmith-Pinkham, Paul and Guido W. Imbens. 2013. "Social Networks and the 
Identification of Peer Effects." Journal of Business and Economic Statistics 31: 253-264. 
  
Gourieroux, Christian, Alain Monfort, and Alain Trognon. 1984. "Pseudo Maximum 
Likelihood Methods: Theory." Econometrica: Journal of the Econometric Society 52: 
681-700. 
  
Griffith, Daniel A. 1996. "Spatial Autocorrelation and Eigenfunction of the Geographic 
Weights Matrix Accompaning Geo-Referenced Data." The Canadian Geographer 40: 
351-367. 
  
Griffith, Daniel A. 2000. "A Linear Regression Solution to the Spatial Autocorrelation 
Problem." Journal of Geographical Systems: Geographic Information, Analysis, Theory 
and Decision 2: 141-156. 
  
Griffith, Daniel A. 2008. "Spatial-Filtering-Based Contributions to a Critique of 
Geographically Weighted Regression (GWR)." Environment and Planning A 40: 2751-
2769. 
  
Griffith, Daniel A. 2013. Spatial Autocorrelation and Spatial Filtering: Gaining 
Understanding through Theory and Scientific Visualization. Berlin: Springer Science & 
Business Media. 
  
Guevara, Cristian A., and Moshe Ben-Akiva. 2006. "Endogeneity in Residential 
Location Choice Models." Transportation Research Record: Journal of the 
Transportation Research Board: 60-66. 
  
Guevara, Cristian A. and Moshe Ben-Akiva. 2010. "Addressing Endogeneity in Discrete 
Choice Models: Assessing Control-Function and Latent-Variable  Methods." In Choice 
Modelling: The State-Of-the-Art and the State-of-Practice: Procceedings from the 
Inaugural International Choice Modelling Conference, edited by Stephane Hess and 
Andrew Daly, 353-370. Bingley: Emerald Group Publishing Limited.  
 



 

111 
 

Guo, Feng, Xuesong Wang, and Mohamed A. Abdel-Aty. 2010. "Modeling Signalized 
Intersection Safety with Corridor-Level Spatial Correlations." Accident Analysis and 
Prevention 42: 84-92. 
  
Gutberlet, Theresa. 2014. "Cheap Coal Versus Market Access: The Role of Natural 
Resources and Demand in Germany’s Industrialization." Accessed Jan 17, 2017. 
http://www.econ.queensu.ca/files/other/gutberlet14.pdf. 
  
Habib, Khandker M. Nurul, Nicholas Day, and Eric J. Miller. 2009. "An Investigation of 
Commuting Trip Timing and Mode Choice in the Greater Toronto Area: Application of 
a Joint Discrete-Continuous Model." Transportation Research Part A: Policy and 
Practice 43: 639-653. 
  
Hadfield, Jarrod D. 2010. "MCMC Methods for Multi-Response Generalized Linear 
Mixed Models: The Mcmcglmm R Package." Journal of Statistical Software 33: 1-22. 
  
Hamari, Juho, Mimmi Sjöklint, and Antti Ukkonen. 2015. "The Sharing Economy: Why 
People Participate in Collaborative Consumption." Journal of the Association for 
Information Science and Technology 67: 2047-2059. 
  
Han, Xiaoyi. 2014. Three Essays on Spatial Econometrics: Specification, Estimation and 
Model Selection for Spatial Models. Doctoral Dissertation, The Ohio State University.  
  
Han, Xiaoyi and Lee Lung-Fei. 2016. "Bayesian Analysis of Spatial Panel 
Autoregressive Models with Time-Varying Endogenous Spatial Weight Matrices, 
Common Factors, and Random Coefficients." Journal of Business & Economic Statistics 
34: 642-660. 
  
Hansen, Lars P. 1982. "Large Sample Properties of Generalized Method of Moments 
Estimators." Econometrica: Journal of the Econometric Society 50: 1029-1054. 
  
Hastie, Trevor and Robert J. Tibshirani. 1990. Generalized Additive Models. Boca 
Raton: Chapman & Hall. 
  
Hastings, W. Keith. 1970. "Monte Carlo Sampling Methods Using Markov Chains and 
Their Applications." Biometrika 57: 97-109. 
  
Hausman, Jerry A., Bronwyn H. Hall, and Zvi Griliches. 1984. "Econometric Models for 
Count Data with an Application to the Patents-R&D Relationship." NBER Technical 
Working Paper,  National Bureau Of Economic Research, Cambridge, Mass. 
  
Heinrichs, Harald. 2013. "Sharing Economy: A Potential New Pathway to 
Sustainability." Gaia 22: 228. 
  



 

112 
 

Hsieh, Chih-Sheng and Lung Fei Lee. 2014. "A Social Interactions Model with 
Endogenous Friendship Formation and Selectivity." Journal of Applied Econometrics 31: 
301-319. 
  
Huang, Helai, Hoong Chor Chin, and Md Mazharul Haque. 2008. "Severity of Driver 
Injury and Vehicle Damage in Traffic Crashes at Intersections: A Bayesian Hierarchical 
Analysis." Accident Analysis and Prevention 40: 45-54. 
  
Isard, Walter. 1972. Location and Space-Economy: A General Theory Relating to 
Industrial Location, Market Areas, Land Use, and Urban Structure. Cambridge: The 
MIT Press.  
  
Jacob, Jeremy, Jean-Robert Disnar, and Gerard Bardoux. 2008. "Carbon Isotope 
Evidence for Sedimentary Miliacin as a Tracer of Panicum Miliaceum (Broomcorn 
Millet) in the Sediments of Lake Le Bourget (French Alps)." Organic Geochemistry 39: 
1077-1080. 
  
John, Nicholas A. 2013. "The Social Logics of Sharing." The Communication Review 16 
: 113-131. 
  
Johnson, Nicholas A., Frank O. Kuehnel, and Ali Nasiri Amini. 2016. "A Scalable 
Blocked Gibbs Sampling Algorithm for Gaussian and Poisson Regression Models." 
Arxiv Preprint Arxiv:1602.00047, Cornell Univeristy. Accessed Aug 8, 2017. 
https://arxiv.org/pdf/1602.00047.pdf.  
  
Juul, Maria. 2015. "The Sharing Economy and Tourism." Tourist Accommodation. 
European Parliament Research Service Briefing. Accessed Jan 17, 2017. 
http://www.europarl.europa.eu/regdata/etudes/BRIE/2015/568345/EPRS_BRI(2015)568
345_EN.pdf 
   
Kaiser, Mark S. and Noel Cressie. 1997. "Modeling Poisson Variables with Positive 
Spatial Dependence." Statistics & Probability Letters 35: 423-432. 
  
Kalisa, Thierry, Marry Riddel, and Douglass W. Shaw. 2016. "Willingness to Pay to 
Avoid Arsenic-Related Risks: A Special Regressor Approach." Journal of 
Environmental Economics and Policy 5: 143-162. 
  
Kelejian, Harry H. and Gianfranco Piras. 2014. "Estimation of Spatial Models with 
Endogenous Weighting Matrices, and an Application to a Demand Model for 
Cigarettes." Regional Science and Urban Economics 46: 140-149. 
  
Kelejian, Harry H. and Ingmar R. Prucha. 1998. "A Generalized Spatial Two-Stage 
Least Squares Procedure for Estimating a Spatial Autoregressive Model with 



 

113 
 

Autoregressive Disturbances." The Journal of Real Estate Finance and Economics 17: 
99-121. 
  
Kelejian, Harry H. and Ingmar R. Prucha. 1999. "A Generalized Moments Estimator for 
the Autoregressive Parameter in a Spatial Model." International Economic Review 40: 
509-533. 
  
Kelejian, Harry H. and Ingmar R. Prucha. 2004. "Estimation of Simultaneous Systems of 
Spatially Interrelated Cross Sectional Equations." Journal of Econometrics 118: 27-50. 
  
Kelejian, Harry H. and Ingmar R. Prucha. 2007. "HAC Estimation in a Spatial 
Framework." Journal of Econometrics 140: 131-154. 
  
Kelejian, Harry H. and Ingmar R. Prucha. 2010. "Specification and Estimation of Spatial 
Autoregressive Models with Autoregressive and Heteroskedastic Disturbances." Journal 
of Econometrics 157: 53-67. 
  
Kelejian, Harry H., Ingmar R. Prucha, and Yevgeny Yuzefovich. 2004. "Instrumental 
Variable Estimation of a Spatial Autoregressive Model with Autoregressive 
Disturbances: Large and Small Sample Results." In Spatial and Spatiotemporal 
Econometrics, edited by R Kelley Pace and James P. LeSage, 163-198. Bingley: 
Emerald Group Publishing Limited.  
  
Kelejian, Harry H. and Dennis P. Robinson. 1993. "A Suggested Method of Estimation 
for Spatial Interdependent Models with Autocorrelated Errors, and an Application to a 
County Expenditure Model." Papers in Regional Science 72: 297-312. 
  
Kim, Chong Won, Tim T. Phipps, and Luc Anselin. 2003. "Measuring the Benefits of 
Air Quality Improvement: A Spatial Hedonic Approach." Journal of Environmental 
Economics and Management 45: 24-39. 
  
Kim, Jae Hong, Francesca Pagliara, and John Preston. 2005. "The Intention to Move and 
Residential Location Choice Behaviour." Urban Studies 42: 1621-1636. 
  
Klaassen, Leo H., Jean HP Paelinck, and Sjoerd Wagenaar. 1979. Spatial Systems: A 
General Introduction. Westmead: Saxon House. 
  
Klier, Thomas. 2005. Clustering of Auto Supplier Plants in the US: GMM Spatial Logit 
for Large Samples. Chicago: Fenderal Reserve Bank Chicago. 
  
Klier, Thomas and Daniel P. McMillen. 2008. "Clustering of Auto Supplier Plants in the 
United States: Generalized Method of Moments Spatial Logit for Large Samples." 
Journal of Business & Economic Statistics 26: 460-471. 
  



 

114 
 

Krizek, Kevin and Paul Waddell. 2002. "Analysis of Lifestyle Choices: Neighborhood 
Type, Travel Patterns, and Activity Participation." Transportation Research Record: 
Journal of the Transportation Research Board : 119-128. 
  
Lambert, Diane. 1992. "Zero-Inflated Poisson Regression, with an Application to 
Defects in Manufacturing." Technometrics 34: 1-14. 
  
Lambert, Dayton M., Jason P. Brown, and Raymond J.G.M. Florax. 2010. "A Two-Step 
Estimator for a Spatial Lag Model of Counts: Theory, Small Sample Performance and an 
Application." Regional Science and Urban Economics 40: 241-252. 
  
Lee, Brian H. and Paul Waddell. 2010. "Residential Mobility and Location Choice: A 
Nested Logit Model with Sampling of Alternatives." Transportation 37: 587-601. 
  
Lee, Lung-Fei. 2007. "GMM and 2SLS Estimation of Mixed Regressive, Spatial 
Autoregressive Models." Journal of Econometrics 137: 489-514. 
  
Lee, Lung-Fei. and Jihai Yu. 2014. "Efficient GMM Estimation of Spatial Dynamic 
Panel Data Models with Fixed Effects." Journal of Econometrics 180: 174-197. 
  
Lee, Lung-Fei. 2004. "Asymptotic Distributions of Quasi-Maximum Likelihood 
Estimators for Spatial Autoregressive Models." Econometrica 72: 1899-1925. 
  
Lee, Sokbae. 2007. "Endogeneity in Quantile Regression Models: A Control Function 
Approach." Journal of Econometrics 141: 1131-1158. 
  
Lesage, James P. 1997. "Bayesian Estimation of Spatial Autoregressive Models." 
International Regional Science Review 20 : 113-129. 
  
Lesage, James P. 1999. Applied Econometrics Using MATLAB. Toledo: Dept. Of 
Economics, University Of Toledo. Accessed Jan 17, 2017. http://www.spatial-
econometrics.com/html/mbook.pdf. 
  
Lesage, James P. 1999. The Theory and Practice of Spatial Econometrics. Toledo : 
University of Toledo. Toledo, Ohio. Accessed Jan 17, 2017. http://www.spatial-
econometrics.com/html/sbook.pdf 
  
Lesage, James P. 2000. "Bayesian Estimation of Limited Dependent Variable Spatial 
Autoregressive Models." Geographical Analysis 32: 19-35. 
  
Lesage, James P., Colin Vance, and Yao-Yu Chih. 2017. "A Bayesian Heterogeneous 
Coefficients Spatial Autoregressive Panel Data Model of Retail Fuel Duopoly Pricing." 
Regional Science and Urban Economics 62: 46-55. 
  



 

115 
 

Lewbel, Arthur. 1998. "Semiparametric Latent Variable Model Estimation with 
Endogenous or Mismeasured Regressors." Econometrica 66: 105-121. 
  
Lewbel, Arthur. 2000. "Semiparametric Qualitative Response Model Estimation with 
Unknown Heteroscedasticity or Instrumental Variables." Journal of Econometrics 97: 
145-177. 
  
Lewbel, Arthur, Yingying Dong, and Thomas Tao Yang.  2012. "Comparing Features of 
Convenient Estimators for Binary Choice Models with Endogenous Regressors." 
Canadian Journal of Economics 45: 809-829. 
  
Lichstein, Jeremy W., Theodore R. Simons, Susan A. Shriner, and Kathleen E. Franzreb. 
2002. "Spatial Autocorrelation and Autoregressive Models in Ecology." Ecological 
Monographs 72: 445-463. 
  
Liu, Jun S. 2008. Monte Carlo Strategies in Scientific Computing. Berlin: Springer 
Science & Business Media. 
  
Liu, Xiaodong, Lung-Fei Lee, and Christopher R. Bollinger. 2010. "An Efficient GMM 
Estimator of Spatial Autoregressive Models." Journal of Econometrics 159: 303-319. 
  
Löchl, Michael and Kay W. Axhausen. 2010. "Modelling Hedonic Residential Rents for 
Land Use and Transport Simulation While Considering Spatial Effects." Journal of 
Transport and Land Use 3: 39-63. 
  
Lord, Dominique. 2006. "Modeling Motor Vehicle Crashes Using Poisson-Gamma 
Models: Examining the Effects of Low Sample Mean Values and Small Sample Size on 
the Estimation of the Fixed Dispersion Parameter." Accident Analysis and Prevention 
38: 751-766. 
  
Lord, Dominique and Luis F. Miranda-Moreno. 2008. "Effects of Low Sample Mean 
Values and Small Sample Size On the Estimation of the Fixed Dispersion Parameter of 
Poisson-Gamma Models for Modeling Motor Vehicle Crashes: A Bayesian Perspective." 
Safety Science 46: 751-770. 
  
Lord, Dominique, Simon P. Washington, and John N. Ivan. 2005. "Poisson, Poisson-
Gamma and Zero-Inflated Regression Models of Motor Vehicle Crashes: Balancing 
Statistical Fit and Theory." Accident Analysis and Prevention 37: 35-46. 
  
Lu, Binbin, Martin Charlton, Paul Harris, and Stewart Fotheringham. 2014. 
"Geographically Weighted Regression with a Non-Euclidean Distance Metric: A Case 
Study Using Hedonic House Price Data." International Journal of Geographical 
Information Science 28: 660-681.  
  



 

116 
 

Ma, Jianming, Kara M. Kockelman, and Paul Damien. 2008. "A Multivariate Poisson-
Lognormal Regression Model for Prediction of Crash Counts by Severity, using 
Bayesian Methods." Accident Analysis and Prevention 40: 964-975. 
  
Malczewski, Jacek and Anneliese Poetz. 2005. "Residential Burglaries and 
Neighborhood Socioeconomic Context in London, Ontario: Global and Local 
Regression Analysis." The Professional Geographer 57: 516-529. 
  
Manski, Charles F. 1993. "Identification of Endogenous Social Effects: The Reflection 
Problem." The Review of Economic Studies 60: 531-542. 
  
Martin, Chris J. 2016. "The Sharing Economy: A Pathway to Sustainability or a 
Nightmarish Form of Neoliberal Capitalism?" Ecological Economics 121: 149-159. 
  
Martin, Charles J., Paul Upham, and Leslie Budd. 2015. "Commercial Orientation in 
Grassroots Social Innovation: Insights from the Sharing Economy." Ecological 
Economics 118: 240-251. 
  
Matzkin, Rosa. 2004. "Unobservable Instruments." Working Paper. Northwestern 
University Department Of Economics. Accessed Jan 17, 2017. 
http://www.econ.ucla.edu/rmatzkin/research/handbook.pdf.  
  
McCullagh, Peter. 1984. "Generalized Linear Models." European Journal of 
Operational Research 16: 285-292. 
  
McMillen, Daneil P. 1995. "Spatial Effects in Probit Models: A Monte Carlo 
Investigation." In New Directions in Spatial Econometrics, edited by Luc Anselin and 
Raymond J.G.M. Florax, 189-228. Berlin: Springer.  
  
Mengersen, Kerrie L., Christian P. Robert, and C. Guihenneuc-Jouyaux. 1999. "MCMC 
Convergence Diagnostics: A Reviewww." Bayesian Statistics 6: 415-440. 
  
Metropolis, Nicholas, Arianna W. Rosenbluth, Marshall N. Rosenbluth, Augusta H. 
Teller, and Edward Teller. 1953. "Equation of State Calculations by Fast Computing 
Machines." The Journal of Chemical Physics 21: 1087-1092. 
  
Miaou, Shaw-Pin and Dominique Lord. 2003. "Modeling Traffic Crash-Flow 
Relationships for Intersections: Dispersion Parameter, Functional Form, and Bayes 
Versus Empirical Bayes Methods." Transportation Research Record: Journal of the 
Transportation Research Board: 31-40. 
  
Miaou, Shaw-Pin, Joon Jin Song, Bani K. Mallick. 2003. "Roadway Traffic Crash 
Mapping: A Space-Time Modeling Approach." Journal of Transportation and Statistics 
6: 33-58. 



 

117 
 

  
Molz, Jennie Germann. 2013. "Social Networking Technologies and the Moral Economy 
of Alternative Tourism: The Case of Couchsurfing.Org." Annals of Tourism Research 
43: 210-230. 
  
Mühleisen, Martin and Klaus F. Zimmermann. 1994. "A Panel Analysis of Job Changes 
and Unemployment." European Economic Review 38: 793-801. 
  
Nadler, Samuel Samuel Nathan. 2014. The Sharing Economy: What is It and Where is It 
Going? Doctoral Dissertation, Massachusetts Institute of Technology. 
  
Negro, Juan Jose and Fernando Hiraldo. 1992. "Sex Ratios in Broods of the Lesser 
Kestrel Falco Naumanni." Ibis 134: 190-191. 
 
Nelder, John Ashworth and R. Jacob Baker. 1972. Generalized Linear Models. San 
Francisco: John Wiley & Sons, Inc. 
  
Nelson, Gerald C. 2002. "Introduction to the Special Issue On Spatial Analysis for 
Agricultural Economists." Agricultural Economics 27: 197-200. 
  
Nelson, Gerald C. and Daniel Hellerstein. 1997. "Do Roads Cause Deforestation? Using 
Satellite Images in Econometric Analysis of Land Use." American Journal of 
Agricultural Economics 79: 80-88. 
 
NSW Business Chamber. 2014. "The Sharing Economy–Issues, Impacts, and Regulatory 
Responses in the Context of the NSW Visitor Economy." Accessed Jan 17, 2017.  
https://www.nswbusinesschamber.com.au/media-centre/latest-news/the-sharing-
economy.  
  
OECD. 2016. OECD Tourism Trends And Policies 2016. Paris: OECD Publishing. 
Accessed Jan 17, 2107. https://www.oecd.org/industry/tourism/tourism2016_-
highlights_web_final.pdf. 
  
Oh, Jutaek, Simon P. Washington, and Doohee Nam. 2006. "Accident Prediction Model 
for Railway-Highway Interfaces." Accident Analysis and Prevention 38: 346-356. 
  
Okuyama, Yasuhide and Stephanie E. Chang. 2013. Modeling Spatial and Economic 
Impacts of Disasters. Berlin: Springer. 
  
Ord, J. Keith and Arthur Getis. 1995. "Local Spatial Autocorrelation Statistics: 
Distributional Issues and an Application." Geographical Analysis 27: 286-306. 
  
Ord, J. Keith. 1975. "Estimation Methods for Models of Spatial Interaction." Journal of 
the American Statistical Association 70: 120-126. 



 

118 
 

 
Queesland Toursim Industry Council. 2014. "The Sharing Economy: How it Will Impact 
the Tourism Landscape and What Businesses Can Do." Queenslandtourism Industry 
Council, Brisbane. Accessed Jan 17, 2017. https://www.qtic.com.au/resources/sharing-
Economy-How-It-Will-Impact-Tourism-Landscape-and-What-Businesses-Can-Do. 
  
Overmars, Koen P., G.H.J. de Koning, and Tom A. Veldkamp. 2003. "Spatial 
Autocorrelation in Multi-Scale Land Use Models." Ecological Modelling 164: 257-270. 
  
Pace, R. Kelley, Ronald Barry, and C.F. Sirmans. 1998. "Spatial Statistics and Real 
Estate." The Journal Of Real Estate Finance and Economics 17: 5-14. 
  
Paez, Antonio. 2006. "Exploring Contextual Variations in Land Use and Transport 
Analysis Using a Probit Model With Geographical Weights." Journal of Transport 
Geography 14: 167-176. 
  
Paleti, Rajesh and Chandra R. Bhat. 2013. "The Composite Marginal Likelihood (CML) 
Estimation of Panel Ordered-Response Models." Journal of Choice Modelling 7: 24-43. 
  
Palma, Andre de., Nathalie  Picard, and Paul Waddell. 2007. "Discrete Choice Models 
with Capacity Constraints: An Empirical Analysis of the Housing Market of the Greater 
Paris Region." Journal of Urban Economics 62: 204-230. 
 
Parent, Olivier and James P. Lesage. 2008. "Using the Variance Structure of the 
Conditional Autoregressive Spatial Specification to Model Knowledge Spillovers." 
Journal of Applied Econometrics 23: 235-256. 
  
Park, Byung-Jung and Dominique Lord. 2009. "Application of Finite Mixture Models 
for Vehicle Crash Data Analysis." Accident Analysis and Prevention 41: 683-691. 
  
Park, Joonwook, Priyali Rajagopal, William Dillon and Wayne Desarbo. 2016. "A New 
Bayesian Spatial Model for Brand Positioning." Journal of Modelling in Management, 
Forthcoming.  
  
Patacchini, Eleonora and Yves Zenou. 2012. "Juvenile Delinquency and Conformism." 
Journal of Law, Economics, and Organization 28: 1-31. 
  
Patuelli, Roberto, Daniel A. Griffith, Michael Tiefelsdorf, and Peter Nijkamp. 2011. 
"Spatial Filtering and Eigenvector Stability: Space-Time Models for German 
Unemployment Data." International Regional Science Review 34: 253-280. 
  
Pedersen, Esben Rahbek Gjerdrum and Sarah Netter. 2015. "Collaborative 
Consumption: Business Model Opportunities and Barriers for Fashion Libraries." 
Journal of Fashion Marketing and Management 19: 258-273. 



 

119 
 

  
Petrin, Amil and Kenneth Train. 2010. "A Control Function Approach to Endogeneity in 
Consumer Choice Models." Journal of Marketing Research 47: 3-13. 
  
Pickrell, Don and Paul Schimek. 1999. "Growth in Motor Vehicle Ownership and Use: 
Evidence from the Nationwide Personal Transportation Survey." Journal of 
Transportation and Statistics 2: 1-17. 
  
Pinjari, Abdul Rawoof, Chandra R. Bhat, and David A. Hensher. 2009. "Residential 
Self-Selection Effects in an Activity Time-Use Behavior Model." Transportation 
Research Part B: Methodological 43: 729-748. 
  
Pinjari, Abdul Rawoof, Ram M. Pendyala, Chandra R. Bhat, and Paul A. Waddell. 2011. 
"Modeling the Choice Continuum: An Integrated Model of Residential Location, Auto 
Ownership, Bicycle Ownership, and Commute Tour Mode Choice Decisions." 
Transportation 38: 933. 
  
Pinkse, Joris, Margaret Slade, and Lihong Shen. 2006. "Dynamic Spatial Discrete 
Choice Using One-Step Gmm: An Application to Mine Operating Decisions." Spatial 
Economic Analysis 1: 53-99. 
  
Pinkse, Joris and Margaret E. Slade. 1998. "Contracting in Space: An Application of 
Spatial Statistics to Discrete Choice Models." Journal of Econometrics 85: 125-154. 
  
Pinkse, Joris and Margaret E. Slade. 2010. "The Future of Spatial Econometrics." 
Journal of Regional Science 50: 103-117. 
  
Piras, Gianfranco. 2010. "Sphet: Spatial Models with Heteroskedastic Innovations in R." 
Journal of Statistical Software 35.1: 1-21. 
 
Þorgeirsson, Sverrir. 2016. "Bayesian Parameter Estimation in Ecolego Using an 
Adaptive Metropolis-Hastings-Within-Gibbs Algorithm." Master Thesis, Uppsala 
University.  
  
PWC. 2015. "The Sharing Economy - Sizing The Revenue Opportunity." Accessed Jan 
17, 2017. https://www.pwc.com/us/en/technology/publications/assets/pwc-consumer-
intelligence-series-the-sharing-economy.pdf 
  
Qu, Xi and Lung-Fei Lee. 2015. "Estimating a Spatial Autoregressive Model with an 
Endogenous Spatial Weight Matrix." Journal of Econometrics 184: 209-232. 
  
Quddus, Mohammed A. 2008. "Modelling Area-Wide Count Outcomes with Spatial 
Correlation and Heterogeneity: An Analysis of London Crash Data." Accident Analysis 
and Prevention 40: 1486-1497. 



 

120 
 

  
Rauch, Daniel E. and David Schleicher. 2015. "Like Uber, but for Local Governmental 
Policy: the Future of Local Regulation of The Sharing Economy." Ohio St. Lj 76: 901.  
  
Rey, Sergio J. and Luc Anselin. 2010. "Pysal: A Python Library of Spatial Analytical 
Methods." In Handbook of Applied Spatial Analysis, edited by Manfred M. Fischer and 
Arthur Getis, 175-193. Berlin: Springer.  
  
Richardson, Lizzie. 2015. "Performing the Sharing Economy." Geoforum 67: 121-129. 
  
Ripley, Brian D. 1979. "Tests Ofrandomness' for Spatial Point Patterns." Journal of the 
Royal Statistical Society Series B (Methodological) 41: 368-374. 
  
Roberts, Gareth O. and Nicholas G. Polson. 1994. "On the Geometric Convergence of 
the Gibbs Sampler." Journal of the Royal Statistical Society Series B (Methodological) 
56: 377-384. 
  
Roberts, Gareth O. and Sujit K. Sahu. 1997. "Updating Schemes, Correlation Structure, 
Blocking and Parameterization for the Gibbs Sampler." Journal of the Royal Statistical 
Society: Series B (Statistical Methodology) 59: 291-317. 
  
Rosenthal, Jeffrey S. 1993. "Rates of Convergence for Data Augmentation on Finite 
Sample Spaces."  The Annals of Applied Probability 3: 819-839. 
  
Rosenthal, Jeffery S. 1995. "Minorization Conditions and Convergence Rates for 
Markov Chain Monte Carlo." Journal of the American Statistical Association 90: 558-
566. 
  
Schirmer, Patrick. 2011. Location Choice in the Greater Zurich Area - An Intermediate 
Report. Zurich: Institute for Transport Planning and Systems. Accessed Jan 17, 2017. 
https://www.research-collection.ethz.ch/handle/20.500.11850/36096. 
  
Schor, Juliet B. and Connor J. Fitzmaurice. 2015. "Collaborating and Connecting: The 
Emergence of the Sharing Economy." In Handbook of Research on Sustainable 
Consumption, edited Lucia A. Reisch and John Thogersen, 410-425. Cheltenham: 
Edward Elgar Publishing.  
  
Schroeder, Douglas A. 2010. Accounting and Causal Effects: Econometric Challenges, 
Vol.5. Berlin: Springer Science & Business Media. 
  
Shaheen, Susan A., Mark A. Mallery, and Karla J. Kingsley. 2012. "Personal Vehicle 
Sharing Services in North America." Research in Transportation Business & 
Management 3: 71-81. 
  



 

121 
 

Shi, Haijin, Edward. J. Laurent, Joseph Lebouton, Laila Racevskis, Kimberly R. Hall, 
Michael Donovan, Robert V. Doepker, Michael B. Walkers, Frank Lupi and Jianguo 
Liu. 2006. "Local Spatial Modeling of White-Tailed Deer Distribution." Ecological 
Modelling 190: 171-189. 
  
Shmueli, Galit, Thomas P. Minka, Joseph B. Kadane, Sharad Borle, and Peter 
Boatwright. 2005. "A Useful Distribution for Fitting Discrete Data: Revival of the 
Conway–Maxwell–Poisson Distribution." Journal of the Royal Statistical Society: Series 
C (Applied Statistics) 54: 127-142. 
  
Sigala, Marianna. 2017. "Collaborative Commerce in Tourism: Implications for 
Research and Industry." Current Issues in Tourism 20: 346-355. 
  
Sinharay, Sandip and Matthew S. Johnson. 2003. "Simulation Studies Applying 
Posterior Predictive Model Checking for Assessing Fit of the Common Item Response 
Theory Models." ETS Research Report Series. Accessed  Jan 18, 2017. 
chttp://www.ets.org/Media/Research/pdf/RR-03-28-Sinharay.pdf. 
  
Song, Joon Jin, M. Ghosh, S. Miaou, and B. Mallick. 2006. "Bayesian Multivariate 
Spatial Models for Roadway Traffic Crash Mapping." Journal of Multivariate Analysis 
97: 246-273. 
  
Song, Weize, Haifeng Jia, Jingfeng Huang and Yiyue Zhang. 2014. "A Satellite-Based 
Geographically Weighted Regression Model for Regional PM 2.5 Estimation Over the 
Pearl River Delta Region in China." Remote Sensing of Environment 154: 1-7. 
  
Spiegelhalter, David,  Andrew Thomas, Nicky Best, and Dave Lunn. 2003. Winbugs 
User Manual. Accessed Jan 17, 2017. https://faculty.washington.edu/jmiyamot/p548/ 
spiegelhalter%20winbugs%20user%20manual.pdf. 
  
Srour, Issam, Kara Kockelman, and Travis Dunn. 2002. "Accessibility Indices: 
Connection to Residential Land Prices and Location Choices." Transportation Research 
Record: Journal of the Transportation Research Board: 25-34. 
  
Tan, Ming T., Guo-Liang Tian, and Kai Wang Ng. 2009. Bayesian Missing Data 
Problems: Em, Data Augmentation and Noniterative Computation. Boca Raton: 
Chapman & Hall. 
  
Tebaldi, Claudia and Mike West. 1998. "Bayesian Inference on Network Traffic Using 
Link Count Data." Journal of the American Statistical Association 93: 557-573. 
  
  



 

122 
 

Tiefelsdorf, Michael and Daniel A. Griffith. 2007. "Semiparametric Filtering of Spatial 
Autocorrelation: the Eigenvector Approach." Environment And Planning A 39: 1193-
1221. 
  
Tussyadiah, Iis. P. and Juho Pesonen. 2016. "Impacts of Peer-To-Peer Accommodation 
Use on Travel Patterns." Journal of Travel Research 55: 1022-1040. 
  
Upton, Graham and Bernard Fingleton. 1985. Spatial Data Analysis by Example. Volume 
1: Point Pattern and Quantitative Data. New York: John Wiley & Sons Ltd. 
  
Verburg, Peter H., Welmoed Soepboer, A. Veldkamp, Ramil Limpiada, Victoria 
Espaldon, and Sharifah S.A. Mastura. 2002. "Modeling the Spatial Dynamics of 
Regional Land Use: The Clue-S Model." Environmental Management 30: 391-405. 
  
Vij, Akshay and Joan Walker. 2014. "Hybrid Choice Models: The Identification 
Problem." In Handbook of Choice Modeling, edited by S.Hess and A.Daly, 519-564. 
Cheltenham: Edward Elgar Publishing Limited. 
  
Vyvere, Yves, Harmen Oppewal, and Harry Timmermans. 1998. "The Validity of 
Hierarchical Information Integration Choice Experiments to Model Residential 
Preference and Choice." Geographical Analysis 30: 254-272. 
  
Walker, Joan, Moshe Ben-Akiva, and Denis Bolduc. 2004. "Identification of the Logit 
Kernel (Or Mixed Logit) Model." 10th International Conference On Travel Behavior 
Research, Lucerne, Switzerland, August, 2014. 
  
Walker, Joan L. and Jieping Li. 2007. "Latent Lifestyle Preferences and Household 
Location Decisions." Journal of Geographical Systems 9: 77-101. 
  
Wang, Chao, Mohammed A. Quddus, and Stephen G. Ison. 2009. "Impact of Traffic 
Congestion on Road Accidents: A Spatial Analysis of the M25 Motorway in England." 
Accident Analysis and Prevention 41: 798-808. 
  
Wang, Xiaokun and Kara M. Kockelman. 2009. "Application of The Dynamic Spatial 
Ordered Probit Model: Patterns of Land Development Change in Austin, Texas." Papers 
In Regional Science 88: 345-365. 
  
Wang, Yiyi, Kara Kockelman, and Xiaokun Wang. 2011. "Anticipation of Land Use 
Change through Use of Geographically Weighted Regression Models for Discrete 
Response." Transportation Research Record: Journal of the Transportation Research 
Board : 111-123. 
  



 

123 
 

Wang, Yiyi and Kara M. Kockelman. 2013. "A Poisson-Lognormal Conditional-
Autoregressive Model for Multivariate Spatial Analysis of Pedestrian Crash Counts 
Across Neighborhoods." Accident Analysis and Prevention 60: 71-84. 
  
Wang, Yiyi, Kara M. Kockelman, and Xiaokun Wang. 2011. "Understanding Spatial 
Filtering for Analysis of Land Use Data Sets." 58th North American Regional Science 
Association International (Rsai) Conference, Miami, Florida. Forthcoming in The 
Journal of Transport Geography. 
  
Washington, Simon P., Matthew G. Karlaftis, and Fred Mannering. 2010. Statistical And 
Econometric Methods for Transportation Data Analysis. Boca Raton: Chapman & Hall. 
  
Wear, David N. and Paul Bolstad. 1998. "Land-Use Changes in Southern Appalachian 
Landscapes: Spatial Analysis and Forecast Evaluation." Ecosystems 1: 575-594. 
  
Weisbrod, Glen, Steven R. Lerman, and Moshe Ben-Akiva. 1980. "Tradeoffs in 
Residential Location Decisions: Transportation versus Other Factors." Transportation 
Policy and Decision-Making 1: 13-26. 
  
Wekerle, Gerda R. and Michael Classens. 2015. "Food Production in the City: (Re) 
Negotiating Land, Food and Property." Local Environment 20: 1175-1193. 
  
Whittle, Peter. 1954. "On Stationary Processes in The Plane." Biometrika 41: 434-449. 
  
Windmeijer, F.A.G and J.M.C Santos Silva. 1996. "Estimation Of Count Data Models 
With Endogenous Regressors: An Application to Demand For Health Care." 
Collaborative Research Center 386, Discussion Paper 20, Ludwig Maximilians 
Univerity. Accessed Jan 17, 2107. https://epub.ub.uni-muenchen.de/1423/1/paper_20-
.pdf.  
 
Winkelmann, Rainer. 2013. Econometric Analysis of Count Data. London: Springer.  

 
Xiong, Yingge and Fred L. Mannering. 2013. "The Heterogeneous Effects of Guardian 
Supervision on Adolescent Driver-Injury Severities: A Finite-Mixture Random-
Parameters Approach." Transportation Research Part B: Methodological 49: 39-54. 
  
Zhang, Lianjun and Haijin Shi. 2004. "Local Modeling of Tree Growth by 
Geographically Weighted Regression." Forest Science 50: 225-244. 
  
Zhao, Fang and Nokil Park. 2004. "Using Geographically Weighted Regression Models 
to Estimate Annual Average Daily Traffic." Transportation Research Record: Journal of 
the Transportation Research Board: 99-107. 
  



 

124 
 

Zhou, Bin and Kara Kockelman. 2008. "Self-Selection in Home Choice: Use of 
Treatment Effects in Evaluating Relationship between Built Environment and Travel 
Behavior." Transportation Research Record: Journal of the Transportation Research 
Board : 54-61. 
  
Zhou, Yiwei, Xiaokun Wang, and Jose Holguin-Veras. 2016. "Discrete Choice with 
Spatial Correlation: A Spatial Autoregressive Binary Probit Model with Endogenous 
Weight Matrix (SARBP-EWM)." Transportation Research Part B: Methodological 94: 
440-455. 
  
Zondag, Barry and Marits Pieters. 2005. "Influence of Accessibility on Residential 
Location Choice." Transportation Research Record: Journal of the Transportation 
Research Board : 63-70. 
  
Zou, Wei, Xiaokun Wang, and Yiyi Wang. 2016. "A Multivariate Spatial-Time of Day 
Analysis of Truck Crash Frequency Across Neighborhoods in New York City." In 
Spatial Econometrics: Qualitative and Limited Dependent Variables, edited by Badi H. 
Baltagi, James P. LeSage, and R. Kelley Pace, Emerald Group Publishing Limited, 195-
219. Bingley: Emerald Group Publishing Limited.  
  
Zou, Wei, Xiakun  Wang, and Dapeng Zhang. 2017. "Truck Crash Severity in New York 
City: An Investigation of the Spatial and the Time of Day Effects." Accident Analysis 
and Prevention 99: 249-261. 
  

 
 

 

 

 



 

125 
 

Appendix 

Appendix A: Model estimates for 100 random samples (12 scenarios) 

 

Figure A.1. Trace maps for scenario 1: ρ = 0.3, correlation = 0 
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Figure A.2. Trace maps for scenario 2: ρ = 0.3, correlation = 0.3 
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Figure A.3. Trace maps for scenario 3: ρ = 0.3, correlation = 0.5 
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Figure A.4. Trace maps for scenario 4: ρ = 0.3, correlation = 0.8 
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Figure A.5. Trace maps for scenario 5: ρ = 0.5, correlation = 0 



 

130 
 

 

Figure A.6. Trace maps for scenario 6: ρ = 0.5, correlation = 0.3 
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Figure A.7. Trace maps for scenario 7: ρ = 0.5, correlation = 0.5 
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Figure A.8. Trace maps for scenario 8: ρ = 0.5, correlation = 0.8 
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Figure A.9. Trace maps for scenario 9: ρ = 0.8, correlation = 0 
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Figure A.10. Trace maps for scenario 10: ρ = 0.8, correlation = 0.3 
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Figure A.11. Trace maps for scenario 11: ρ = 0.8, correlation = 0.5 
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Figure A.12. Trace maps for scenario 12: ρ = 0.8, correlation = 0.8 
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Appendix B: Trace maps for sensitivity analysis of the weight matrix 

 

Figure B.13. Model estimates for scenario 1 
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Figure B.14. Model estimates for scenario 2 
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Figure B.15. Model estimates for scenario 3 
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Figure B.16. Model estimates for scenario 4 
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Figure B.17. Model estimates for scenario 5 
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Figure B.18. Model estimates for scenario 6 
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Figure B.19. Model estimates for scenario 7 
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Figure B.20. Model estimates for scenario 8 
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Figure B.21. Model estimates for scenario 9 
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Figure B.22. Model estimates for scenario 10 
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Figure B.23. Model estimates for scenario 11 



 

148 
 

 
 

Figure B.24. Model estimates for scenario 12 
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Figure B.25. Model estimates for scenario 13 
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Figure B.26. Model estimates for scenario 14 
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Figure B.27. Model estimates for scenario 15 
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Figure B.28. Model estimates for scenario 16 
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Figure B.29. Model estimates for scenario 17 
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Figure B.30. Model estimates for scenario 18 
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Appendix C: MCMC Sampling Code 

import	  numpy	  as	  np	  
from	  numpy.linalg	  import	  inv	  
from	  scipy	  import	  stats	  
from	  scipy.stats	  import	  multivariate_normal	  
from	  scipy.stats	  import	  poisson	  
from	  scipy.stats	  import	  norm	  
from	  scipy.stats	  import	  gaussian_kde	  
from	  copy	  import	  copy	  
import	  matplotlib.pyplot	  as	  plt	  
import	  math	  
import	  random	  
from	  scipy.spatial.distance	  import	  pdist,	  squareform	  
from	  itertools	  import	  chain	  
#from	  itertools	  import	  zip_longest#python3	  
from	  itertools	  import	  izip_longest#python2	  
	  
np.random.seed(1)	  
	  
def	  generatedata(N,blocksize,epoch,beta1,beta2,sigma11,sigma12,sigma22,rho,gamma1):	  
	   #	  parameters	  
	  
	   sigma	  =	  np.array([[sigma11,sigma12],[sigma12,sigma22]])	  
	   L	  =	  np.linalg.cholesky(sigma)	  
	   means	  =	  np.array([0,0])	  
	   err	  =	  np.random.multivariate_normal([0,0],sigma,N)	  
	   x1	  =	  np.random.normal(2,1,N)	  	  
	   x2	  =	  np.random.normal(5,1,N)	  	  
	   z	  =	  beta2*x2+err[:,1]	  
	   zeros	  =	  np.zeros(N)	  
	   z2	  =	  	  np.column_stack((z,zeros))	  
	   w_z	  =	  squareform(pdist(z2))	  	  
	   #	  pdist	  here	  needs	  at	  least	  a	  2d	  array	  (x,	  y	  coordinates)	  
	   w_z[w_z==0]=0.001	  
	   w_z	  =	  1/w_z	  	  #	  larger	  distance	  means	  smaller	  weights	  	  
	   	  
	   np.fill_diagonal(w_z,0)	  	  
	   w_z	  =	  w_z/w_z.sum(axis	  =1,keepdims	  =	  True)	  
	  
	   points	  =	  np.random.choice((1,100),size	  =	  (N,2))	  
	   d	  =	  (squareform(pdist(points)))**3	  
	   d[d==0]=0.000001	  
	   d	  =	  1/d	  
	   np.fill_diagonal(d,0)	  
	   	  
	   for	  i	  in	  range(N):	  
	   	   d[i,:][np.argpartition(d[i,:],-‐100)[:-‐100]]=0	  	  
	   	   #	  only	  select	  10	  largest	  weights	  
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	   d_z	  =	  d/d.sum(axis	  =1,keepdims	  =	  True)	  
	   w	  =	  gamma1*d_z+(1-‐gamma1)*w_z	  
	  
	   s	  =	  np.identity(N)-‐rho*w	  
	   ystar	  =	  np.dot(inv(s),(beta1*x1+err[:,0])[:,np.newaxis]).T[0]	  
	   #print	  ("ystar",ystar)	  
	   lamb	  =	  np.exp(ystar)	  
	   y	  =	  np.random.poisson(lamb,N)	  
	  
	  
	   ystar	  =	  np.dot(inv(s),(beta1*x1+err[:,0])[:,np.newaxis]).T[0]	  
	   return	  y,ystar,x1,x2,d_z,w_z,z,L,w	  
	  
def	  grouper(n,	  iterable,	  fillvalue=None):	  
	  	  	  	  args	  =	  [iter(iterable)]	  *	  n	  
	  	  	  	  #return	  zip_longest(*args,fillvalue=fillvalue)	  
	  	  	  	  return	  izip_longest(*args,fillvalue=fillvalue)	  
	  
def	  MHGS_LayerALT(LL,	  initial0,initial1,y,x1,x2,d_z,w_z,	  var_list,epoch):	  
	   n_v0	  =	  len(initial0)	  
	   n_v1	  =	  len(initial1)	  
	   param_list0	  =	  copy(initial0)	  
	   param_list1=list(list(tuple)	  for	  tuple	  in	  grouper(blocksize,initial1))	  
	  
	   reject_count_1	  =	  0	  #	  beta1,	  beta2	  
	   reject_count_2	  =	  0	  #	  rho	  and	  gamma1	  
	   reject_count_3	  =	  0	  #	  sigma	  
	   reject_count_4	  =	  0	  #	  Ystars	  
	   	  
	   chainLL	  =	  np.zeros([epoch,1])	  
	   chain0	  =	  np.zeros([epoch,n_v0])	  
	   chain1	  =	  np.zeros([epoch,n_v1])	  
	   variance	  =	  var_list[:7]	  	  
	   sigma	  =	  np.diag(variance)	  
	   variance2	  =	  var_list[7:]	  	  
	   sigma2	  =	  np.diag(variance2)	  
	   for	  i	  in	  range(epoch):	  
	  

######################################################	  block1	  
	   	   old_param0_1	  =	  copy(param_list0)	  
	   	   propose_param0_1	  =	  
np.random.multivariate_normal(old_param0_1[:2],sigma[:2,:2])	  
	   	   param_list0[:2]	  =	  propose_param0_1	  
	   	   value_old	  	   	   =	  
LL(old_param0_1,list(chain.from_iterable(param_list1)),y=y,x1=x1,x2=x2,d_z=d_z,w_z=w_z,z=z)	  
	   	   value_proposed	  	   =	  LL(param_list0,list(chain.from_iterable(param_list1)),	  
y=y,x1=x1,x2=x2,d_z=d_z,w_z=w_z,z=z)	  
	   	   A	  =	  min(1,np.exp(value_proposed-‐value_old))	  
	   	   C	  =	  np.random.rand()	  
	   	   if(C>A):	  	  
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	   	   	   reject_count_1	  +=	  1	  
	   	   	   param_list0	  =	  old_param0_1	  
	  
#######################################	  block2:	  for	  rho	  and	  gamma1	  
	   	   old_param0_2	  =	  copy(param_list0)	  
	   	   propose_param0_2	  =	  np.random.multivariate_normal(old_param0_2[2:4],	  
sigma[2:4,2:4])	  
	   	   param_list0[2:4]	  =	  propose_param0_2	  
	   	   value_old	  =	  
LL(old_param0_2,list(chain.from_iterable(param_list1)),y=y,x1=x1,x2=x2,d_z=d_z,w_z=w_z,z=z)	  
	   	   value_proposed	  =	  
LL(param_list0,list(chain.from_iterable(param_list1)),y=y,x1=x1,x2=x2,d_z=d_z,w_z=w_z,z=z)	  
	   	   A	  =	  min(1,np.exp(value_proposed-‐value_old))	  
	   	   C	  =	  np.random.rand()	  
	   	   if(C>A):	  	  
	   	   	   reject_count_2	  +=	  1	  
	   	   	   param_list0	  =	  old_param0_2	  
	  
#################################################block3:	  for	  sigma	  
	  
	   	   old_param0_3	  =	  copy(param_list0)	  
	   	   propose_param0_3	  =	  
np.random.multivariate_normal(old_param0_3[4:],sigma[4:,4:])	  
	  
	   	   while(propose_param0_3[0]<0	  or	  propose_param0_3[2]<0):	  
	   	   	   propose_param0_3	  =	  
np.random.multivariate_normal(old_param0_3[4:],sigma[4:,4:])	  
	   	   param_list0[4:]	  =	  propose_param0_3	  
	   	   value_old	  =	  
LL(old_param0_3,list(chain.from_iterable(param_list1)),y=y,x1=x1,x2=x2,d_z=d_z,w_z=w_z,z=z)	  
	   	   value_proposed	  =	  
LL(param_list0,list(chain.from_iterable(param_list1)),y=y,x1=x1,x2=x2,d_z=d_z,w_z=w_z,z=z)	  
	   	   A	  =	  min(1,np.exp(value_proposed-‐value_old))	  
	   	   C	  =	  np.random.rand()	  
	   	   if(C>A):	  	  
	   	   	   reject_count_3	  +=	  1	  
	   	   	   param_list0	  =	  old_param0_3	   	  
	  
#############################block4:	  for	  lambda	  (50	  per	  section)	  
	   	   	  
	   	   for	  j	  in	  range(len(param_list1)):	  
	   	   	   old_param1	  =	  copy(param_list1)	  	  	  	  
	   	   	   value_old2	  =	  
LL(param_list0,list(chain.from_iterable(old_param1)),y=y,x1=x1,x2=x2,d_z=d_z,w_z=w_z,z=z)	  
	   	   	   propose_param1	  =	  
np.random.multivariate_normal(old_param1[j],sigma2)	  
	   	   	   param_list1[j]=	  propose_param1	  
	   	   	   value_proposed2	  =	  
LL(param_list0,list(chain.from_iterable(param_list1)),y=y,x1=x1,x2=x2,d_z=d_z,w_z=w_z,z=z)	  
	   	   	   A	  =	  min(1,np.exp((value_proposed2-‐value_old2)))	  
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	   	   	   C	  =	  np.random.rand()	  
	   	   	   if(C>A):	  
	   	   	   	   reject_count_4	  +=	  1	  
	   	   	   	   param_list1	  =	  old_param1	  
	   	   	   	  
	   	   chainLL[i,:]	  =	  
LL(param_list0,list(chain.from_iterable(param_list1)),y=y,x1=x1,x2=x2,d_z=d_z,w_z=w_z,z=z)	   	  
	   	   chain0[i]	  =	  param_list0	  
	   	   chain1[i]	  =	  list(chain.from_iterable(param_list1))	  
	   return	  chain0,chain1,reject_count_1/float(epoch),	  reject_count_2/float(epoch),	  re-‐
ject_count_3/float(epoch),reject_count_4/float(epoch*len(param_list1)),chainLL	  
	  
	  
#	  LL	  for	  poisson	  SAR	  lognormal	  
def	  LL6(paralist,ystarlist,	  y,x1,x2,d_z,w_z,z):	  
	  
	   beta1	  =	  paralist[0]	  
	   beta2	  =	  paralist[1]	  
	   rho	  =	  paralist[2]	  
	   gamma1	  =	  paralist[3]	  
	   L	  =	  np.array([[paralist[4],0],[paralist[5],paralist[6]]])	  
	   estimate_sigma	  =	  np.dot(L,L.T)	  
	   logpdfs1	  =	  poisson.logpmf(y,np.exp(ystarlist))	  
	   w	  =	  gamma1*d_z+(1-‐gamma1)*w_z	  
	   err1	  =	  ystarlist-‐beta1*x1-‐np.dot(rho*w,ystarlist)	  
	   err2	  =	  z-‐beta2*x2	  
	   err	  =	  np.column_stack	  ((err1,err2))	  
	   logpdfs2	  =	  multivariate_normal.logpdf(err,mean=[0,0],cov=estimate_sigma)	  
	   return	  np.sum(logpdfs1)+np.sum(logpdfs2)	  
	  
	  
def	  init(y,x1,x2,z):	  
	   y_fake	  =	  np.log([max(0.1,s)	  for	  s	  in	  y])	  
	   beta1_lmEst	  =	  np.dot(x1,y_fake)/np.dot(x1,x1);	  
	   beta2_lmEst	  =	  np.dot(x2,z)/np.dot(x2,x2)	  
	   var1_lmEst	  =	  np.mean((y_fake-‐beta1_lmEst*x1)**2)	  
	   var2_lmEst	  =	  np.mean((z-‐beta2_lmEst*x2)**2)	  
	   cov_lmEst	  =	  np.mean((y_fake-‐beta1_lmEst*x1)*(z-‐beta2_lmEst*x2))	  
	   L_lmEst	  =	  np.linalg.cholesky(np.array([[var1_lmEst,cov_lmEst],[cov_lmEst,var2_lmEst]]))	  
	  
	   return	  beta1_lmEst,beta2_lmEst,var1_lmEst,var2_lmEst,L_lmEst	  
	  
if	  __name__	  ==	  "__main__":	  
	   for	  i	  in	  range(100):	  
	   	   print	  ("example	  ",i)	  
	   	   N	  =	  100	  
	   	   blocksize	  =	  20	  
	   	   epoch	  =	  6000	  
	   	   beta1	  =	  0.6	  
	   	   beta2	  =	  0.3	  
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	   	   gamma1	  =	  0.5	  
	   	   sigma11	  =	  0.6	  
	   	   sigma22	  =	  0.8	  
	   	   rholist	  =	  [0.8,0.5,0.3,0.2]	  
	   	   sigma12list	  =	  [0.554]	  
	  
	   	   nn	  =	  0	  
	   	   mm	  =	  100	  
	   	   y,ystar,x1,x2,d_z,w_z,z,L,w	  	  
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  =	  generatdata(N,blocksize,epoch,beta1,beta2,sigma11,sigma12,sigma22,rho,gamma1)	  
	  
	  
	   	   beta1_lmEst,beta2_lmEst,var1_lmEst,var2_lmEst,L_lmEst	  =	  init(y,x1,x2,z)	  
	   	   initial0=	  [beta1_lmEst,beta2_lmEst,0.1,0.1,L_lmEst[0,0],L_lmEst[1,0],L_lmEst[1,1]]	  
	   	   initial1	  =	  np.log([max(0.1,s)	  for	  s	  in	  y])	  
	   	   var_list	  =	  [0.0001]*2+[0.01]*5	  
	   	   var_list.extend([0.005]*blocksize)	  	  
	   	   	   	   	   	   	   	   	   	   	   	   	   	   	   	  

chain0,chain1,	  reject_ratio_1,	  reject_ratio_2,reject_ratio_3,reject_ratio_4,	  chainLL	  	  
=	  MHGS_LayerALT(LL6,initial0,initial1,y,x1,x2,d_z,w_z,	  var_list,epoch)	  

	   	   	  
	   	   np.savetxt('chain0%s'	  %nn,chain0,	  delimiter	  =	  ',')	  
	   	   	  
	   	  

 


