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ABSTRACT 

Non-linear estimation of the gravity model with Poisson/Negative binomial Pseudo Maximum 

Likelihood (PPML/ZIPML) methods has become popular to model the international trade 

flows, as it permits to better account for large amount of zero flows. Nevertheless, as trade 

flows are not independent each other due to spatial interaction, those methods lead to biased 

parameter estimates. To overcome this problem, the eigenvector spatial filtering variants of 

the Poisson/Negative binomial has been proposed in the literature of gravity of trade. This 

paper contribute to the literature in two directions. First, by employing a stepwise selection 

criteria for spatial filters which is based on robust (sandwich) p-values and do not require 

likelihood-based indicators. In this respect, we prepared an ad-hoc backward stepwise 

function in R. Second, using this function, we select a reduced set of spatial filters that 

properly account for importer-side and exporter-side specific spatial effects, both at the count 

and the logit process. Applying this estimation strategy to a cross-section of bilateral trade 

flows between a set of worldwide countries for the year 2000, we found that our specification 

outperforms the benchmark models (ZINB and NB with spatial filters), in terms of model 

fitting, both considering the AIC and in predicting zero (and small) flows. 
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1. Introduction 

Traditional gravity model for trade in its simple form (Tinbergen,1962, Linneman, 1966) 

asserts that the volume of trade between a country pair is proportional to the product of their 

gross domestic products and inversely related to a measure of distance, where distance is 

broadly defined as a function of several variables that can be viewed as trade resistance 

factors. The log-linear specification of the gravity model along with the ordinary least square 

(OLS) estimation  has been widely used in the empirical literature (Rose 2000, Franklen & 

Rose, 2002, Egger, 2002) mostly because its good empirical performance, but, in later years, 

for the strong theoretical foundations provided in papers such as Anderson (1979), and 

Anderson and van Wincoop (2003). However, most recent contributions stressed the fact that 

zero trade flows are to be specifically taken into account. Helpman et al. (2008) proved that 

disregarding countries that do not trade with each other generates biased estimates. Moreover, 

Santos Silva and Tenreyro (2006) have shown that log-linearisation of the gravity model leads 

to inconsistent estimates in the presence of heteroscedasticity in trade levels. They propose a 

Poisson specification of the gravity model along with the Poisson pseudo maximum 

likelihood (PPML) estimator.  Santos Silva and Tenreyro (2006, 2010, 2011) also provide 

simulation evidence that the PPML estimator is well behaved even when the conditional 

variance is far from being proportional to the conditional mean. Nowadays, several empirical 

studies of trade have applied the PPML estimator (see Linders et al. 2008, Martin and Pham 

2008, Burger et al. 2009, Westerlund and Wilhelmsson 2011, Martinez-Zarzoso 2013, Patuelli 

et al. Forthcoming). In order to correct for overdispersion, a negative binomial regression 

model (NB PML), which belongs to the family of modified Poisson models, is most 

frequently employed. 

The zero-inflated model (Lambert, 1992; Greene, 1994; Long, 1997), applied to negative 

binomial models (ZINB PML), permits to better estimate a huge amount of zero flows, since 

it considers the existence of two groups within the population: the first having strictly zero 

counts and the second having a non-zero probability of having trade flow bigger than zero.  

Burger et al. (2009) stressed the fact that some variables may be more important in 

determining the profitability of bilateral trade (decision to trade) rather than the potential 

volume of bilateral trade. However, so far, it is not so clear which variables determine the 

decision to trade. 

Moreover, it is nowadays well known that trade flows are not independent each other (LeSage 

&Pace, 2008) and that possible sources of spatial autocorrelation (SAC) among countries 

should be taken into account (Behrens et al. 2012, Sellner et al. 2013).  With this paper we 
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aim to better analyze the dynamic of the decision to trade (intensive margin) and the volume 

of trade (extensive margin), and, in particular, which is the contribution of SAC in both the 

two processes. We focus on a spatial filtering approach (Griffith 2003), within a ZINB PML 

framework, using two sets of origin and destination spatial filters (Griffith 2007; Fischer and 

Griffith 2008), one accounting for the SAC in the logit process, and the other set accounting 

for the spatial autocorrelation in the count process.  At this regards, we prepared an ad-hoc 

function which applies a backward stepwise algorithm which aim to properly detect the 

significant filters. The algorithm we propose have the advantage that, at each step, it drops the 

filter with the bigger p-value, indifferently if this filter is in the count or in the logit process. 

We compare the results of this estimation with two benchmarks, namely, the ZINB PML and 

the NB PML with origin and destination spatial filters. We conducted a comparison in terms 

of estimated coefficients and in terms of the goodness of fit (Akaike information Criteria, AIC 

and prediction of the zero and small flows). We found that our specification outperforms the 

comparison models, both in terms of AIC and in terms of prediction of small trade flows. 

This paper is structured as follows. Section 2 presents a review of the gravity of trade, from 

the traditional models to recent developments. In Section 3 we define our proposed model and 

the stepwise algorithm we adopted. Section 4 presents the empirical application, together with 

results. Section 5 concludes the paper.   

 

2. The Gravity Model of Trade: Recent Developments 

 

The scientific community has recently gained a renewed interest in both the theoretical and 

empirical aspects of the gravity model of trade. In particular, the aforementioned theoretical 

developments on multilateral resistance terms generated the need for consistent estimation 

approaches that would fit such advancements. The vastly increased computational power 

available for econometric analysis played an additional role, allowing more complex and data-

intensive (i.e. nonlinear and panel) estimation efforts. 

Several studies, starting, for example, from the popular paper by Santos Silva and Tenreyro 

(2006), have pushed the envelope of the field, and a number of researchers are actively 

pursuing further methodological advancements pertaining in particular to the estimation of the 

gravity model of trade. Egger and Tarlea (2015) propose a multi-way clustering approach to 

consistently estimate regression coefficients pertaining to preferential trade agreements. Egger 

and Staub (2015) compare the suitability of various estimation approaches under an 
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international economics general equilibrium perspective. Baltagi and Egger (2015) develop a 

quantile regression structural estimation solution for the gravity model. 

Within the aforementioned econometric developments, a niche of its own is emerging 

pertaining to the incorportation of spatial dependence and heterogeneity or network 

autocorrelation (i.e., the correlation of flow data based on the network’s topological 

characteristics) in gravity models, trade still being a frequent application. While the relevance 

of spatial correlations was originally suggested for trade in Anderson and van Wincoop 

(2004), and much earlier within spatial interaction modelling (Curry 1972; Curry et al. 1975; 

Sheppard et al. 1976), it is only in recent years that this issue attracted significant attention, 

thanks to recent developments in econometrics and computational power. Studies by Behrens 

et al. (2012) (available online for several years before actual publication), Fischer and Griffith 

(2008) and LeSage and Pace (2008) provided, from different perspectives (economic theory, 

spatial econometrics, spatial statistics), the necessary stepping stones for analysing spatial 

autocorrelation aspects in flow data. We can roughly divide the available literature into three 

main streams: 

 Linear spatial econometric models (Baltagi et al. 2007; Fischer and Griffith 2008; 

LeSage and Pace 2008; Behrens et al. 2012; Koch and LeSage 2015): these models 

apply and adapt traditional (linear) spatial econometric techiques to the count data 

case. 

 Spatial generalized linear models (Lambert et al. 2010; Sellner et al. 2013): these 

models extend the previous approaches by allowing for estimation based on Poisson-

type models, therefore accommodating the concerns expressed in Santos Silva and 

Tenreyro (2006). 

 Non-parametric (eigenvector spatial filtering) models (Chun 2008; Fischer and Griffith 

2008; Scherngell and Lata 2013; Krisztin and Fischer 2015; Patuelli et al. 2015): these 

models take a non-parametric approach, by employing eigenvector spatial filtering 

within Poisson-type models. 

This paper is concerned with this latest class of models. Eigenvector spatial filtering (Griffith 

2003) (described in more detail below in Section 3.2) is a spatial statistics technique based on 

the decomposition of spatial weights matrices. It is considered here since it allows for greater 

flexibility in modelling, and can seamlessly be applied to any estimation framework. The 

available studies employing this technique demonstrate how (sets of) spatial filters can be 

successfully used at the intercept level as ‘interceptors’ (i.e., proxies for) unobserved spatial 

heterogeneity. This paper aims to further investigate the use of eigenvector spatial filtering, by 
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allowing for separate spatial filters sets in zero-inflated models. The proposed approach is 

described in the next section. 

 

     3. Methodological approach 

 

3.1 Zero inflated gravity models of trade 

In recent years, it has become increasingly recognized that the level of trade between 

countries is frequently zero. Small countries may not have trade relations with all possible 

trading partners or because statistical offices do not report trade flows below a certain 

threshold. Moreover, the issue of zero flows is more pronounced when analyzing sector 

disaggregate trade flows.  The ZINB PML gravity model provides one way to model excess 

of zero flows. Martin and Pham (2008), and Burger et al. (2009) have proposed the zero-

inflated extension of the Poisson gravity model for situations where the data generating 

process results in too many zeros. The model may be viewed as a "two-part" extension, in 

which the distribution of the outcome is approximated by mixing two component 

distributions. The zero-inflated part of the model consists of a qualitative-dependent model to 

determine the probability of whether a particular origin destination trade flow will be zero or 

positive. The second part contains the standard Poisson gravity model to estimate the 

relationship between trade flows and explanatory variables for each trade flow that has a non-

zero probability (Leung and Yu 1996). Among others, Xiong & Beghin (2011) and 

Philippidis et al. (2013) applied zero inflated count models for the analysis of international 

trade.  

Estimating the parameters of the negative binomial gravity model (without or with zero-

inflation) by pseudo maximum likelihood methods would only be justified statistically if we 

believed that the trade flows were independent observations. Such an assumption, however, is 

generally not valid, since flows are fundamentally spatial in nature.  Several papers recently 

proposed to modelling the spatial heterogeneity in the residual by mean of different 

econometric techniques. Among those works, many focused on the issue of multilateral trade 

resistances (MTR), which can be considered as a main source of spatial heterogeneity 

(Behrens et al. 2012, Baier & Bergstrand 2009). One way to relax this independence 

assumption is by incorporating spatial dependence into the Poisson version of the gravity 

model by mean of Spatial autoregressive techniques (Sellner et al. 2013, Lambert et al. 2010). 

Another is eigenvector spatial filtering (SF), originally developed for area-based data (Griffith 

2003) and later extended to flow data (see Chun 2008, Fischer and Griffth 2008, and Chun 
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and Griffith 2011). In their recent work, Patuelli et al. (forthcoming) applied spatial filters 

with NB PML, as a way to filter out spatial heterogeneity due to MTRs. However, residual 

heterogeneity should be present both at the logit and at the count process, while the above 

mentioned works only account for spatial autocorrelation at the count process. Krisztin and 

Fischer (2015) have very recently applied network-autocorrelation Spatial Filters to a trade 

model, by including, among others, zero-inflated specifications. This work follows a similar 

approach used by Krisztin and Fischer, but we introduced an ad-hoc backward stepwise to 

properly select the filters. Moreover, we perform some diagnostics to i) compare our model 

with other benchmarks, ii) evaluate the fitting of our specification in predicting zero (and 

small) trade flows.   

 

3.2 Spatial Filters 

Spatial filtering has been originally developed for area-based data  by Griffith (2003), and 

later extended to flow data (Chun 2008, Fischer and Griffth 2008, and Chun and Griffith 

2011).  One traditional advantage when including these spatial filters as additional origin- and 

destination-specific regressors is that the model can be estimated by standard regression 

techniques, such as ordinary least squares (OLS) or Poisson regression, which are common in 

the literature about spatial interaction patterns. The parameters of the standard regressor 

variables are unrelated to the remaining residual term, and standard estimation yields 

consistent parameter estimates as a result. We refer to this estimation method as SF estimation 

of origin-destination models. 

 The workhorse for this SF decomposition is a transformation procedure based upon 

eigenvector extraction from the matrix 

 

(I – 11T/n) W (I – 11T/n)   (1) 

 

where W is a generic n x n spatial weights matrix; I is an n x n identity matrix; and, 1 is an n 

x 1 vector containing 1s. The spatial weights matrix W defines the relationships of proximity 

between the n georeferenced units (e.g., points, regions, and countries). The transformed 

matrix appears in the numerator of Moran’s coefficient (MC). 

The eigenvectors of Equation (1) represent distinct map pattern descriptions of SAC 

underlying georeferenced variables (Griffith 2003). Moreover, the first extracted eigenvector, 

say e1, is the one showing the highest positive Moran I coefficient (MC, Cliff & Ord, 1972,1981) 

that can be achieved by any spatial recombination induced by W. The subsequently extracted 



 

7 

 

eigenvectors maximize MC while being orthogonal to and uncorrelated with the previously 

extracted eigenvectors. Finally, the last extracted eigenvector maximizes negative MC. 

Having extracted the eigenvectors of Equation (1), a spatial filter is constructed by 

judiciously selecting a subset of these n eigenvectors. In detail, for our empirical application, 

we select a first subset of eigenvectors (which we will call ‘candidate eigenvectors’) by means 

of the following threshold: MC(ei)/MC(e1) > 0.25. This threshold yields a spatial filter that 

approximately replicates the amount of variance explained by a spatial autoregressive model 

(SAR) (Griffith 2003).1 Subsequently, a stepwise regression model may be employed to 

further reduce the first subset (whose eigenvectors have not yet been related to the data) to 

just the (smaller) subset of eigenvectors that are statistically significant as additional 

regressors in the model to be evaluated. The resulting group of eigenvectors is what we call 

our ‘spatial filter’. This estimation technique has been applied to various fields, including 

labour markets (Patuelli 2007), innovation (Grimpe and Patuelli 2011), economic growth 

(Crespo Cuaresma and Feldkircher 2013) and ecology (Monestiez et al. 2006). 

Since trade data do not represent points in space, but flows between points, the eigenvectors 

are linked to the flow data by means of Kronecker products: the product EK  1, where EK is 

the n x k matrix of the candidate eigenvectors, may be linked to the origin-specific 

information (for example, GDP per exporting countries), while the product 1  EK may be 

linked to destination-specific information (again, for example, the GDP of importing 

countries) (Fischer and Griffith 2008). As a result, two sets of origin- and destination-specific 

variables are used (Patuelli et al. forthcoming), which aim to capture the SAC patterns 

commonly accounted for by the indicator variables of a doubly-constrained gravity model 

(Griffith 2009), therefore avoiding omitted variable bias. 

The new challenge here, is that we want to account for SAC in both the logit and in the 

count processes, so, we used two sets of filters at the logit level and (the same) two sets of 

filters at the count level. 

 

3.3 Backward stepwise algorithm  

The stepwise is an algorithm used to choice the variables in a regression model, and it has 

been proposed by (Efroymson, 1960) usually, this takes the form of a sequence of F-tests or t-

                                                 
1  Ongoing research by Griffith and collaborators is looking into formulating an estimation equation, based on 

residual SAC, to predict the ideal size of the candidate set. 

https://en.wikipedia.org/wiki/F-test
https://en.wikipedia.org/wiki/T-test
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tests, but other techniques are possible, such as adjusted R-square, AIC, Bayesian information 

criterion (BIC), or simply based on p-values.  

Forward selection involves starting with no variables in the model, testing the addition of 

each variable using a chosen model comparison criterion, adding the variable (if any) that 

improves the model the most, and repeating this process until none improves the model. The 

Backward elimination, which involves starting with all candidate variables, testing the 

deletion of each variable using a chosen model comparison criterion, deleting the variable (if 

any) that improves the model the most by being deleted, and repeating this process until no 

further improvement is possible. Backward elimination procedure in the framework of count 

models  and zero inflated count models  has been implemented in many routines. In mpath 

package (Wang et al. 2015), be.zeroinfl function performs a backward elimination (and 

forward selection) stepwise based on maximum likelihood.   

Here, we are interested to use a stepwise algorithm to define the proper set of filters to include 

in the regression model in order to account for SAC.   

The algorithm is inspired  by be.zeroinfl code but, it have, at least, two advantages.  First, at 

each step of the algorithm, we compute robust standard errors and we select the variable to be 

dropped out based on the robust p-values.  Second, the algorithm is constructed in order to be 

able to drop the variables with the biggest p-value, indifferently if they comes from the count 

or the logit process. We also structured the function so that a minmodel can be defined. In 

other words, we let the algorithm to only drop the filters, since we consider the non spatial 

explanatories as a benchmark.   

4.  Empirical application 
 

4.1 Data and model specification 

For estimation, we follow a standard specification of the gravity equation of bilateral trade. 

We employ some variables commonly mentioned in the literature (see, e.g., Frankel 1997; 

Raballand 2003). We use the following standard specification of the gravity equation and we 

estimate it by mean of a ZINB PML: 

 

ijjijiji

jijiijij

landllandlIslandIslandgdpcapgdpcap

gdpgdpareaareaftahistcontigcomcurdistTr
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432154321)1Pr(
 

 

https://en.wikipedia.org/wiki/T-test
https://en.wikipedia.org/wiki/R-square
https://en.wikipedia.org/wiki/Bayesian_information_criterion
https://en.wikipedia.org/wiki/Bayesian_information_criterion
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where Tr represents trade flows, gdp represents the gross domestic product, gdpcap represents 

per capita gdp,  Island is an indicator variable that equals 1 if the country is an island, Area is 

the land area of a country, and landl equals 1 for landlocked countries. The other variables are 

country pair related dummies,  and they reports if a pair share the currency (comcur), they 

share common border (contig), they are in free trade agreements (fta), history (hist) and the 

geographical distance between them (dist). 

The data for trade are from the World Trade Database compiled on the basis of 

COMTRADE data by Feenstra et al. (2005). GDP and per capita GDP data are from the 

World Bank’s WDI database. Distance, language, colonial history, landlocked countries, and 

land area data are from the CEPII institute.2 Whether pairs of countries take part in a common 

regional integration agreement (FTA) has been determined on the basis of OECD data about 

major regional integration agreements.3 A dummy variable indicates whether a pair of 

countries has (membership in) at least one common FTA. Data on island status have been 

kindly provided by Hildegunn Kyvik-Nordas (from Jansen and Nordås 2004). 

 

4.2 Details on stepwise algorithm  

 

We modified be.zeroinfl function from mpath package (Wang et al. 2015)  This function 

performs a stepwise on a zero inflated model, and it uses p-values as a model choice criteria4.  

In each step, the function drops the  variable with the biggest p-value,  indifferently if the 

variable is in the count or in the zero process. This stepwise process ends up when no more 

non significant variables are considered. However, be.zeroinfl do or permit to define a so 

called minmodel, in other words, this function selects the variable to be dropped among the 

full list of explanatories considered in the model. Since we want to preserve all the non spatial 

variables as we consider them as “benchmark”, we want to set them as nonerasable, even if 

their estimated coefficient is not significant. Moreover, we desire a more robust algorithm, so, 

                                                 
2  See http://www.cepii.fr. 

3  See http://www.oecd.org/dataoecd/39/37/1923431.pdf. 

4 Other stepwise algorithms use Akaike information criteria (AIC) and Bayesian information criteria (BIC)  in 

place of the p-Value to choose the variable to be dropped. 
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we use, in each step of the process, the p-values from robust estimation of standard errors 

instead from simple standard errors. Having defined in details which is the desired stepwise 

algorithm specification. We called this function be.zeroinfl.filt.robust.  The detailed 

description and the full code are reported in the appendix (A.1). 

 

4.3 Estimation Results 

We estimated the model in equation (2) using ZINB PML with selected spatial filters to a 

cross section of totally 4032 country pairs, for the year 2000 (first column, table 1). We also 

estimated the same model using two benchmarks: a ZINB PML without spatial filters (second 

column, table 1), and a NB PML with selected spatial filters (that only models the second line 

of equation (2), third column, table 1). First, we describe the estimated coefficients.  

Looking to the count process (2nd step) of the Spatial Filters ZINB , distance have a negative 

significant effect, the country-pair dummies all present positive and significant coefficients 

and dimension, and country mass variables a positive one, as expected: GDPs positively 

affect the trade flow, both at the exporter country and at the importer country side. Both the 

Table 1. Estimation results (1) ZINB PML with spatial filters (2) ZINB PML  (3) NB 

PML with spatial filters.  

 (1)  (2)  (3)  

 Spatial filters 

ZINB PML  

ZINB PML  Spatial Filters 

NB PML 

1st Step 

Distance 

  

–1.18*** 

  

0.35** 

  

 

 

Common language 

 

-1.34* 

 

0.51* 

 

 

 

Contiguity 

 

1.85* 

 

0.24* 

 

 

 

Common history 

 

-2.28 

 

-1.83 

 

 

 

Free trade agreements 

 

-0.86 

 

-1.71** 

 

 

 

Area exporter 

 

2.77*** 

 

-0.07 

 

 

 

Area importer 

 

0.233* 

 

0.36*** 

 

 

 

GDP per cap. exporter 

 

-0.69** 

 

-0.61*** 

 

 

 

GDP per cap. importer 

 

0.97*** 

 

0.47*** 

 

 

 

GDP exporter 

 

-5.25*** 

 

-0.11 

 

 

 

GDP importer 

 

-2.82*** 

 

-1.35*** 
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 (1)  (2)  (3)  

 Spatial filters 

ZINB PML  

ZINB PML  Spatial Filters 

NB PML 

 

Island exporter 

 

17.04*** 

 

-0.98 

 

 

 

Island importer 

 

-1.97 

 

-2.39** 

 

 

 

Landlocked exporter 

 

39.70*** 

 

0.24 

 

 

 

Landlocked importer 

 

3.00 *** 

 

-1.50*** 

 

 

 

Constant 

 

Number Significant 

filters exporter 

 

Number Significant 

filters importer 

 

2nd Step 

 

Distance 

 

Common language 

 

Contiguity 

 

Common history 

 

Free trade agreements 

 

Area exporter 

 

Area importer 

 

GDP per cap. exporter 

 

GDP per cap. importer 

 

GDP exporter 

 

GDP importer 

 

Island exporter 

 

Island importer 

 

Landlocked exporter 

 

Landlocked importer 

 

Costant 

 

 

126.48*** 
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24 

 

 

 

-0.84*** 

 

0.46*** 

 

0.54*** 

 

0.77*** 

 

0.48*** 

 

-0.20*** 

 

0.07*** 

 

-0.24*** 

 

0.16*** 

 

1.06*** 

 

0.63*** 

 

0.43*** 

 

-0.70*** 

 

-0.21*** 

 

0.32*** 

 

-28.71 

 

 

28.43*** 

 

 

- 

 

 

- 

 

 

 

-0.65*** 

 

0.37*** 

 

0.71*** 

 

0.57*** 

 

0.66*** 

 

-0.25*** 

 

-0.02 

 

-0.26*** 

 

0.02 

 

1.10*** 

 

0.75*** 

 

0.55*** 

 

-0.16 

 

-0.09 

 

-0.18* 

 

-30.93 

 

 
 

 

- 

 

 

- 

 

 

 

 

-0.71*** 

 

0.44*** 

 

0.65*** 

 

0.81*** 

 

0.75*** 

 

-0.22*** 

 

-0.04* 

 

-0.13*** 

 

-0.12*** 

 

0.99*** 

 

0.82*** 

 

0.30* 

 

0.02 

 

-0.44*** 

 

0.35*** 

 

-29.80 

 



 

12 

 

 (1)  (2)  (3)  

 Spatial filters 

ZINB PML  

ZINB PML  Spatial Filters 

NB PML 

Number Significant 

filters exporter 

 

Number Significant 

filters importer 

 

11 

 

 

8 

 

- 

 

 

- 

 

8 

 

 

12 

 

Theta 

AIC 

Log likelihood 

0,859 

47026.13 

-2.32e+04 

0,726 

48370,13 

-2.42e+04 

0,595 

48431,86 

-2.42e+04 

Observations 4032 4032 4032 

 

area and the GDPs per capita of the exporter country negatively affect trade, while, the 

importing countries values do not affect trade flows. In all, coefficients on the count process 

do not change a lot among different model specification, and all the coefficients that are 

significant with the spatial filters ZINB PML, are still significant using our benchmarks.  

Considering the 1st step (logit part) the probability of a country pair to be involved in trade 

negatively depends on the distance,  positively depends on the importer and exporter countries 

area, but, surprisingly, negatively depends on the GDPs, considering our model specification 

in column 1.  Moreover, the estimated coefficient resulting from  the alternative model 

specification (ZINB PML, column 2) are not always similar to the ones in column 1. These 

results highlight the need to better analyse the determinants of trade decision. 

 

Results are in favour of our model specification, which, based on different diagnostics, it 

seems to outperforms the benchmark models we use as benchmark.  We based these 

diagnostics on Akaike information criteria and on the loglikelihood.  

In terms of AIC, our spatial filters ZINB PML model have a smaller value (47026.13), 

meaning it performs better than the others (48370.13 for the ZINB, 48431.86 for the spatial 

filter NB). The same holds for the log likelihood: our model presents the smaller value (-

2.32e+04 compared to -2.42e+04 for both the benchmark models).  

 

Moreover, we analyse the robustness of our model in terms of fitting of small value of trade 

flows. We compare the observed number of small flows (rounded in order to be integer 

values) with the estimated counterpart using our selected model, the ZINB and the NB with 

selected filters. Since, one advantage of our model specification should regards better 

predicting small flows, we expect that our model, which both accounts for logit part and for 
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spatial autocorrelation, outperforms the two benchmarks. Looking to table 2, we confirms this 

expectation. Spatial filtering ZINB predict 92 out of 484 zero flows, while Spatial Filters NB 

predict 19 zero flows, and ZINB without filters only predict 2 zero flows.   

 

Table 2. Count of observed versus predicted values. Model comparison. 

Trade flow 0 1 2 3 4 5 6 7 8 9 

Observed 484 136 112 76 64 39 42 49 35 29 

Spat Filt ZINB  92 59 46 42 46 39 45 34 31 38 

ZINB 2 22 23 31 31 37 32 33 26 29 

Spat Filt NB  19 42 39 45 44 35 37 41 35 38 

 

 

Going more in detail along the spatial part of the model, using the spatial filters ZINB PML 

we came out with 11 filters in the first step from the exporter side and 24 filters at the 

importer side. For the second step, the number of significant filters is 11 for the exporter 

countries and 8 for the importer countries. Then, we have computed a variable which is the 

weighted mean of the selected spatial. 

We have then computed a Moran I test for the weighted (based on standard errors)  mean of 

the list of the selected filters. This has been done for each of the 4 set of selected filters. 

As expected, the set that have the biggest number of significant filters is that with the lowest 

MC, which it stands at 0.036.  A weaker spatial dependence traditionally needs for a bigger 

amount of filters.    The set of filters with the biggest MC values are the 2nd step –importer 

(MC 0.160, number of filters: 8)  and the 2nd step exporter (MC 0.298,number of filters: 11). 

 

5. Conclusions 

The eigenvector spatial filtering variants of non-linear gravity of trade (such as Poisson or 

negative binomial) has been proposed in the literature since trade flows are not independent 

but a spatial autocorrelation exists . Using a zero inflated negative binominal approach, this 

paper contributed in two directions. First, it employs a stepwise selection criteria for spatial 

filters we prepared, based on robust  p-values. Second, we select a reduced set of spatial filters 

that properly account for importer-side and exporter-side specific spatial effects, both at the 

count and the logit process. Results applied to a cross-section of bilateral trade flows between 

a set of worldwide countries for the year 2000, highlighted that our specification outperforms 
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the benchmark models (ZINB and NB with spatial filters), in terms of model fitting, both 

considering the AIC and the log likelihood, and in predicting zero (and small) flows. 

Future direction regards to compare this model with other ZINB PML model specifications 

that alternatively account for SAC.  A caveat regards evaluating the contribution of the logit 

and the count part of the model, in terms of the explained variance of trade flows. Moreover, a 

similar analysis, with taking care of appropriate changes, can be applied to a panel data 

framework.  
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Appendix 

 

A.1 be.zeroinfl.filt.robust function 

 

usage 

be.zeroinfl.filt.rob = function (object, data, dist = c("poisson", "negbin", "geometric"),  

    alpha = 0.05, trace = FALSE, subset.zero, subset.count, minmod.zero, minmod.count) 

 

Details 

conduct backward stepwise variable elimination for zero inflated count regression from zeroinfl 

function, providing a possibility to define a minmodel and using robust standard errors. 

 

Value 

an object of zeroinfl with all variables having p-values less than the significance level alpha 

 

Arguments: 

Object: an object from function zeroinfl 

Data: argument controlling formula processing via model.frame 

Dist: one of the distributions in zeroinfl function 

Alpha: significance level of variable elimination 

Trace: logical value, if TRUE, print detailed calculation results 

subset.zero: is a list of the variable names to be subsetted in the zero component 

subset.count: is a list of the variable names to be subsetted in the count component 

minmod.zero: is a list of the variable names  to do not subset in the zero component 

minmod.count: is a list of the variable names to do not subset in the count component 

 

Note 1: The sum of all the variables defined in the previous 4 inputs must be exactly equal to the list of 

explanatories contained in object. 

Note2: The print commands in the second codes still should be changed (so far, it traces as output the 

results with the classical standard errors, and it wrongly write the name of the variable to be subsetted in 

each step). 
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