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Abstract 

This study further builds on the findings of the previously conducted analysis on the “voting 

neighborhood effect”, where it was observed that cities and municipalities in the Philippines 

tend to exhibit spatially autocorrelated levels of voting participation, as well as voting 

participation with respect to socioeconomic variables such as poverty. In this follow-up analysis, 

we attempt to develop a statistical model that can estimate the degree of the neighborhood 

relationship exhibited in the said spatial phenomenon. Using official data on voters’ turnout and 

poverty incidence, three spatial regression models were tested: 1) a spatial lag model (SAR) for 

modeling the spatial interaction of voting participation among neighboring areas; and 2) a spatial 

Durbin model (SDM) for modeling the spatial interaction of neighboring areas’ poverty levels 

with their voting participation. Based on model performance measures and diagnostics for 

spatial dependence and homoscedasticity, a spatial Durbin model (SDM) containing spatially 

lagged voters’ turnout and spatially lagged poverty incidence as covariates sufficiently depicts 

how voting participation among cities and municipalities in the Philippines are affected by their 

mere geographic contiguity. In particular, high voting participation and high poverty levels are 

both found to induce a positive feedback on the voting participation of neighboring cities and 

municipalities. 
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Introduction 

In a previously presented study, spatial autocorrelation and crossregression analyses have shown 

the presence of “voting neighborhood effect”, or the tendency of neighboring cities and 

municipalities to have similar levels of voting participation, measured in terms of voters’ turnout 

(Dizon, 2019). This spatial phenomenon particularly manifests through the formation of voting 

participation hotspots, i.e. positively autocorrelated spatial clusters; and cold spots, i.e. 

negatively autocorrelated spatial clusters; which can be partly attributed to the spatial variation 

of poverty among neighboring cities and municipalities (Dizon, 2019). Motivated by the insights 

derived from this analysis, this follow-up analysis explores another aspect in the spatiostatistical 

analysis of voting participation, this time by investigating the possible presence of spatial 

interaction, or the level of interdependence in voting participation and poverty among cities and 

municipalities of the Philippines (Flint, 2000). 

This study again uses voters’ turnout data as basis for measuring voting participation, and 

poverty incidence as basis for measuring poverty. 
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Methodology 

Studies undertaken by Teng (2006) and Lay et al. (2007) exemplify the analysis of spatial 

interaction in election-related studies, a common ground of interest with this study. In these 

studies, which both focus on the case of election results in Taiwan, a spatiostatistical technique 

called spatial regression is commonly implemented, and is therefore being adopted in the 

analysis of spatial interaction of voting participation in the Philippines. In essence, spatial 

regression is used to develop a regression model where there is at least one spatially lagged 

covariate derived from either the dependent variable itself, or from any of the independent 

variables. In the context of this study, using spatial regression is meant to produce a model that 

can appropriately estimate the cities’ and municipalities’ voters’ turnout based on the voters’ 

turnout and poverty levels of their respective neighbors. 

 

Figure 1 illustrates a framework in analyzing the spatial interaction of voting participation vis-

à-vis poverty. An analogous framework was also previously applied in Dizon’s (2019) spatial 

autocorrelation and crosscorrelation analysis of voting participation. This time however, the 

main relationship of interest is spatial interaction instead of spatial segregation. 

 

 

 

The analysis framework illustrated in Figure 1 distinguishes two aspects of spatial interaction 

that can be analyzed between voting participation and poverty. These are: 

1. The spatial interaction of voting participation among neighboring cities and 

municipalities; and 

2. The spatial interaction of voting participation and poverty levels among neighboring 

cities and municipalities 

 

Taking on Teng’s (2006) and Lay et al.’s (2007) use of spatial regression in their election-related 

studies, the two aspects of spatial interaction mentioned above are then respectively addressed 

using two types of spatial regression models. 

1. Spatial lag model (SAR) – a type of spatial regression model where one of its 

covariates is a spatially-lagged variable derived from the dependent variable (Golgher 

& Voss, 2016). 

2. Spatial Durbin model (SDM) – a type of spatial regression model where, in addition 

to a spatially-lagged variable derived from the dependent variable, at least one 

covariate is a spatially-lagged variable derived from one of the independent variables 

(Golgher & Voss, 2016). 

Figure 1. Framework for the analysis of spatial interaction of voting participation. 



Consistent with the previously performed spatial autocorrelation and crosscorrelation analysis 

of voting participation by Dizon (2019), contiguity is still the primary basis for defining 

neighborhoods among the cities and municipalities. Furthermore, in the case of terrestrially 

isolated island cities and municipalities (51 out of the 1,634), neighborhood is established by 

manually assigning a neighbor to its nearest city and municipality based on Euclidean distance. 

Because of this neighborhood definition, a contiguity-based spatial weight matrix is to be used 

for the mathematical derivation of the spatially lagged variable coefficients. 

The datasets used in this study are again sourced from official statistics published by the 

Philippine Commission of Elections (for the voters’ turnout data), the Philippine Statistics 

Authority (for the poverty incidence data), and the National Mapping and Resource Information 

Authority (for the city and municipal boundaries data). The datasets (spatial and non-spatial) are 

compiled using ArcGIS, while the spatial regression is performed using Geoda (for constructing 

the spatial weight matrix) and R (for constructing the spatial regression models). Figure 2 shows 

a visualization of the spatial distribution of voters’ turnout and poverty among the cities and 

municipalities. 

 

 

Results and discussion 

Before proceeding with the spatial models, a linear regression model is first constructed to test 

and justify the necessity of using spatial regression for modeling voters’ turnout vis-à-vis 

poverty incidence. Figure 3 shows the output of the linear regression modeling, generated using 

the Generalized Linear Regression tool in ArcGIS. The output shows that despite the 

Figure 2. Voters’ turnout (left) and poverty (right) of cities and municipalities. 



significance of the covariates (p-value < 0.05), the linear regression model is not able to satisfy 

the assumptions for residual normality and homoscedasticity, as indicated by the Jarque-Bera 

and the Koenker (BP) statistics having p-value < 0.05. This confirms the need to apply spatial 

regression for the model. 

 

 

A necessary step prior to formulating the spatial regression models is to assess if introducing a 

spatially lagged dependent variable results in improved spatial independence (Bivand et al., 

2005). A Lagrange multiplier test for spatial dependence is performed using R for this 

assessment (Anselin, 1988). Figure 4 shows the result of the test for the spatial lag model (SAR). 

With the test yielding a p-value < 0.05, it is confirmed that having a spatially lagged dependent 

variable gives model stability in terms of having spatially independent residuals. This again 

suggests the suitability of spatial regression modeling. 

 

 

The first candidate spatial model is spatial lag model (SAR) with the “poverty” covariate and a 

spatially lagged “voters’ turnout” covariate. In equation form, this spatial lag model (SAR) is 

specified as follows: 

Y = α + ρWY + βX + ε ............................................ (1) 

where Y is the estimated voters’ turnout (in percent) of a city or municipality; α is the constant 

(intercept) term; ρ is the spatial lag coefficient associated with voters’ turnout; WY is the 

spatially lagged voters’ turnout within a city or municipality’s neighborhood; β is the coefficient 

for the “poverty” covariate; X is a city or municipality’s poverty incidence (in percent); and ε is 

the residual. Figure 5 shows the output of the constructed spatial lag model (SAR) using R. 

Figure 3. Linear regression results. 

Figure 4. Lagrange multiplier test for spatial dependence results. 



 

 

It can be seen that the coefficients corresponding to the constant (intercept) term and the 

“poverty” covariate are simultaneously significant components of this model. In addition, the ρ 

coefficient (labeled Rho in the output) is also significant based on the p-values (< 0.05) 

associated with the likelihood ratio (LR), z, and Wald statistics, further strengthening the 

usefulness of this model. However, one issue with this spatial lag model (SAR) is the presence 

of spatially autocorrelated residuals as reflected in the significant p-value (0.0224) of the 

Lagrange multiplier (LM) residual autocorrelation test. This means that the resulting spatial lag 

model (SAR) is still not able to completely capture the spatial interaction in voters’ turnout 

among the neighboring cities and municipalities. 

In an attempt to improve the spatial regression model, a second candidate model based on the 

spatial Durbin model (SDM) is then constructed using R. The spatial Durbin model (SDM)’s 

equation is specified as follows: 

Y = α + ρWY + βX + θWX + ε ....................................... (2) 

where all notations are interpreted similarly with the spatial lag model (SAR), with the addition 

of θ, which is the spatial lag coefficient associated with poverty incidence; and WX, the spatially 

lagged poverty incidence within a city or municipality’s neighborhood. Figure 6 shows the 

output of the constructed spatial Durbin model (SDM) using R.  

 

 

Again, it can be seen from that the constant term and ρ coefficients remain to be statistically 

significant components in the model. In addition, the θ coefficient (labeled lag.poverty in the 

output) was also found to be statistically significant, with an attained p-value = 0.0269. However, 

Figure 5. Spatial lag model (SAR) results. 

Figure 6. Spatial Durbin model (SDM) results. 



with the introduction of the spatially lagged “poverty” variable, the “poverty” covariate 

consequently lost its significance (p-value = 0.3024), which means that the original form of the 

variable does not anymore have a bearing in the spatial Durbin model (SDM). Despite this 

tradeoff however, it can be noted that the spatial Durbin model (SDM) already passes the 

Lagrange multiplier (LM) residual autocorrelation test (p-value = 0.1686), indicating that the 

residuals are not anymore spatially autocorrelated and that the model closely approximates the 

spatial interaction of neighboring cities and municipalities voters’ turnout vis-à-vis poverty. This 

is backed by running the Moran’s test for spatial autocorrelation, which indicates that the 

residuals are indeed not anymore spatially autocorrelated (p-value = 0.5661). The output for the 

Moran’s test for spatial autocorrelation is shown in Figure 7. 

 

 

Figure 8 shows the spatial distribution of residuals from the spatial Durbin model (SDM) 

expressed in standard deviation units. 

 

 

Figure 7. Moran’s test for spatial autocorrelation results. 

Figure 8. Residuals from the spatial Durbin model (SDM). 



When the resulting diagnostics for the two candidate spatial models are juxtaposed, it can easily 

be determined that the spatial Durbin model (SDM) is better for modeling the spatial interaction 

of voting participation and poverty than the spatial lag model (SAR). Another indication of this 

is the log likelihoods of the two spatial models, where the spatial Durbin model (SDM) garnered 

a lower value of -5447.558 compared to -5450.005 for the spatial lag model (SAR). However, 

since the difference between the two models’ log likelihoods (2.447) is relatively small, a 

likelihood ratio test is run using R to determine if this small difference is significant enough to 

conclude that the spatial Durbin model (SDM) is indeed better than the spatial lag model (SAR). 

Figure 9 shows the result of the test, and the attained p-value = 002696 leads to the conclusion 

of better preference for the spatial Durbin model (SDM). 

 

 

Based on the above results, the final equation representing the spatial regression model for voting 

participation vis-à-vis poverty of neighboring cities and municipalities of the Philippines is as 

follows: 

Y = 57.5386 + 0.2734WY + 0.0348WX + ε ............................ (3) 

From this spatial regression model, it can be roughly interpreted that a city or municipality’s 

voters’ turnout may increase by 27.34% of the average voters’ turnout of its neighbors; and 

3.48% of the average poverty levels of its neighbors. 

Conclusion 

Based on the aspect of spatial interaction, this study has again demonstrated another 

manifestation of voting neighborhood effect among the cities and municipalities of the 

Philippines. Through the use of spatial regression modeling, the following specific conclusions 

can be established: 

1. There is a positive relationship between an area’s voting participation and the voting 

participation of its neighbors. When neighboring areas vote more, the tendency for 

nearby areas is to vote more as well as a consequence of voting neighborhood effect; 

and 

2. Voting neighborhood effect is spatially influenced by poverty. The tendency to vote 

is seen to increase with increasing levels of poverty. In other words, the richer towns 

and cities get, the less they tend to vote. 
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