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Abstract: The linear models generally rely on the assumption of independence. This assumption is not
accomplished in social sciences in which observations are usually correlated. In the case of socioeconomic
data, the phenomenon of spatial dependence will lead to the problem of spatial-nonstationarity. There are many
methods proposed in dealing with spatial-nonstationarity, including geographically weighted regression
(GWR), to accommodate local-spatial effect on the observations. The method estimates local parameters in each
location rather than single parameter in the global model. GWR can be applied to linear, logistic and Poisson
regression. This paper explores properties of GWR for logistic regression, i.e. geographically weighted logistic
regression. Application of the model to Indonesia poverty give a contradict results compared to the global
logistic model. Statistical tools of model comparison are residuals sum of square, Pearson X , deviance, log2

likelihood, Akaike information criterion, Bayesian information criterion, spatial autocorrelation coefficient and
power of classification accuracy. In general, the logistic GWR performed better than the global one.

Key words: Spatial analysis  Spatial nonstationarity  Geographically weighted logistic regression  Poverty
data

INTRODUCTION creative approaches to combat poverty, which is to make

Indonesia lies between latitudes 11°S and 6°N with provide an appropriate model.
longitudes 95°E and 141°E, a large country with 497 In Indonesia, poverty analysis commonly uses a
regencies and administrative cities spread out in 33 global model, i.e. ordinary least square regression model
provinces. The country is an archipelago consisted by big to explore variability on each region. However, a global
five island (Java, Sumatera, Kalimantan, Sulawesi and model only provides reliable information for local region
Papua) beside more than 17 thousand small islands when there is no variability over region, or in the other
hemmed in The Atlantic Ocean in the Northern edge and word, spatial stationarity, [1]. In other side, modeling
The Indian Ocean in the Southern edge. Since 2000, the spatial variability in poverty data is important since it can
local governments in the nation have obtained their obtain precise estimates locally. Hence, local parameter
autonomy to govern the local programs except for the estimates are crucial to obtain an appropriate
international policies. Therefore, the profiles on recommendation in each region.
socioeconomic of a region tend to vary to each other due In generalized linear models, accommodating spatial
to the factors described above as well as other natural and nonstationarity over regions is required to avoid invalid
non-natural factors. One aspect of socioeconomic issues model and misleading conclusions due to violation of the
which is affected by relative position of region is poverty independent assumption. There are many spatial statistics
profile. However, distribution of poor people in Indonesia methodologies have been proposed. A relatively new
varies from region to region. It needs sophisticated and approach  is geographically weighted regression or GWR

a consideration to spatial variability. A first step is to
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[1-4]. Fotheringham et al. [1] pioneered the definition of (15.42%) is taken from the national average of poverty,
the GWR. According to them, GWR is an extension of [13]. The model uses Human Development Index (HDI) as
weighted regression with local variation by obtaining the explanatory variable. The HDI is composite index
coefficients in the models specifically to a region rather ranged from 0 to 100 which involves education, health and
than being global estimates. Meanwhile, Luo and Wei [5] economic factors. 
discussed the GWR in more detail by assigning distance
weighted matrix to obtain local parameter estimates for all Logistic Regression: Consider p  is probability of the
observations. poverty status, y  which is equal to 1 when the region i is

Previous works showed that GWR had better the ‘poor’. Logistic regression model which correspond to
performance than global model according to the every p  with explanatory variable HDI, x, takes the
goodness-of-fit statistics as well as to the ability on following form:
accommodating the spatial variation [1-4, 6]. The method
can be extended into other exponential-family distribution (1)
based modeling. There are several work applied GWR on
logistic regression. Luo and Wei [5] estimated local where  and  are parameters of global model. The
models to explore spatial variations of urban growth corresponding probability p  on Equation 1 is to be
patterns in Chinese; Windle et al. [7] analyzed fisheries modeled as a linear function of explanatory variable x
survey data from the Northwest Atlantic; Carrel et al. [8] using logit link function. Then,
investigated the impact of tube well user density on
cholera and shigellosis events in Bangladesh; Koutsias et (2)
al. [9] modeled wild land fire occurrence in Southern
Europe; and Atkinson et al. [10] explored the relations
between riverbank erosion and geomorphological To interpret logistic the regression model, odds ratio
controls. is more applicable than the model coefficients themselves.

However, the applications of GWR modeling in The odds ratio corresponding to an increase in
Indonesia cases are still limited. By far, there is only a continuous explanatory variable x from a to b is
paper which employed the GWR in Indonesia,
Fotheringham et al [1] discussed the poverty data to the (3)
relationship between poverty and Human Development
Index (HDI) locally in 116 regencies at Java Island using The odds ratio can be interpreted as the change in the
linear GWR. This paper is aimed to implement odds for any increase of (b-a) unit in the corresponding
geographically weighted logistic regression, abbreviated explanatory variable.
as logistic GWR, to Indonesian poverty data. Indeed, this
paper is a continuation of previous work by [12] by Spatial Autocorrelation: Spatial autocorrelation is a
considering the data as a binary distribution. common phenomena following to the first law of

Data and Methodology is related to everything else, but near things are more
Data: The model aims to investigate relationship of related than distant things”. Generalized linear modeling
poverty and human development index (HDI). The data heavily relies on the assumption of independence.
was provided by The National Team for Accelerating Violation to the assumption yield inconsistent parameter
Poverty Reduction, Office of Vice President of Republic of estimates. On the analysis of spatial data, variable of
Indonesia (2010) for the year of 2008 involving 116 interest are usually correlated over space, i.e. spatial
districts and administrative cities in Java, Indonesia. It is autocorrelations. A frequent measure is Moran’s I which
spreaded out in six provinces. In this paper, poverty is a provides spatial autocorrelation coefficient. For residual
binary variable, i.e. ‘poor’ or ‘nonpoor’. A region is of a given model, the Moran’s I is
considered ‘poor’ and coded 1 if the percentage of poor
people in the region exceeds 15.42%, otherwise the (4)
‘nonpoor’ region, coded 0. The threshold or cut-of-point
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Where e  is residual in region i,  is the mean of the study area, [6]. An alternative to Gaussian function isi

residuals across all regions, n is the total number of
regions and w  is an element of contiguity matrix. Moran’sij

I is ranged from -1 to +1. A zero value indicates a spatial
independence [15,16].

As alternative to Moran’s I, [17] provided another
spatial autocorrelation coefficient named contiguity ratio
or Geary’s c of the form:

(5)

Where W is sum of w . The value of Geary's c lies betweenij

0 and 2. If residuals are not spatially autocorrelated, c is
about unity. Small or large values of c indicate positive or
negative spatial autocorrelation respectively. 

Geographically  Weighted   Logistic  Regression
(Logistic GWR): As an expansion to the standard logistic
regression, logistic GWR incorporates a set geographical
location to the models, taking form as the following
equation:

(6)

Where  and  are local model parameters specific to0i 1i

location at (u ,v ) coordinate.i i

An important aspect of GWR modeling is in
determining weighting function for estimating local model
parameters. In GWR, weighting function uses distance
function, resulting in observation closer in space which is
generally assumed to have greater effect on local
parameter estimates. Fotheringham et al. [1] presented
two choices of the continuous weighting function
according to spatial proximity, w(ui,vi), i.e. Gaussian and
bi-square function. Suppose dij denotes the distances
between location i and j, then Gaussian weighting
function at region i assigned to region j, wj(ui,vi), is

(7)

Where b is the bandwidth. At location i the weight
assigned to that point will be equal to one and the
weights of other data will continuously decrease and
follows Gaussian curve as dij increases, [1]. The problem
of this function  is  to  assign  weights  to  all  location  of

weighting matrix which can be obtained by bi-square
function in which weight has the following form:

(8)

The size of the bandwidth should be selected carefully
because it has crucial impact on GWR result. Local
parameter estimates are highly localized and varied if the
bandwidth is too small. On the other hand, if bandwidth
is too large, local parameter estimates tend to be uniform
toward global parameter estimates, [7]. There are two
common approaches which can be used for optimum
bandwidth selection: cross-validation (CV) and Akaike
Information Criterion (AICc) minimization, [1]. The AICc
is generally more applicable and can be applied in non-
Gaussian GWR than cross-validation, [18]. 

Comparison between Global Logistic Regression and
Logistic GWR: There are criterias to investigate and to
make comparisons on logistic regression and logistic
GWR model’s performance. The simplest approach is by
comparing model fit statistic of the models. As we knew,
residual sum of square (RSS) is a simple approach to
evaluate models with regard to deviation of the model
fromdata points. In logistic regression, the raw residuals
are sometimes difficult to interpret. Therefore, Aitkin et al.
[19] defined other type of residuals known as Pearson
residuals is more favorable. It has the following
properties:

(9)

Where y  is 0 or 1. The sum of square of the Pearsoni

residual is referred to as Pearson X . Large value of2

Pearson X  indicates failure of the model to fit data point.2

Meanwhile, the Akaike Information Criterion (AIC) is
relative goodness-of-fit statistic for comparing two or
more models. Minimizing the AIC allows for a trade-off
between goodness-of-fit and degrees of freedom, [18].
AIC statistic can be written using the following formula:

(10)

Where  is the estimated standard error of the error term
and tr(S) is trace of hat matrix. For GWR, Equation (8)
should be corrected; resulting in corrected AIC (AICc),
takes form: 
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(11)

Other model fit’s statistic is Bayesian Information
Criterion (BIC) or Schwartz Information Criterion (SCI)
which is defined as 

(12)

Where L is the model likelihood, k is the number of
parameters and n is the sample size. Similar to AIC, lower
value of BIC indicates more desirable model. BIC adjusts
for number of explanatory variables and the sample sizes,
while AIC adjusts for only the number of explanatory
variables. BIC uses a bigger consequence for larger
sample and therefore favors more parsimonious models.
There are many other model fit’s statistics for making
comparison of global logistic and logistic GWR, i.e. log
likelihood and deviance. A better model is indicated with
lower value of the statistics.

For binary response model, it is necessary to test the
accuracy of the classification obtained by cross-
classifying the observed and predicted responses in a 2Î2
tabulation. For each observation, predicted response can
be obtained by binning predicted ‘event’ probability. If
the predicted event probability exceeds or equals optimum
cut-off-point , the observation is predicted to be
an ‘event’ observation; otherwise, it is predicted as a
‘nonevent’. The accuracy of the classification is then
assessed with two common proportions, i.e. sensitivity
and specificity. Sensitivity is the proportion of ‘event’
responses that predicted to be ‘events’. Specificity is the
proportion of ‘nonevent’ responses that predicted to be
‘nonevents’ [20,21]. Another classification power is
summarized by correct classifications rate, which refers to
overall proportion of correctly classified observations. 

RESULTS AND DISCUSSION

Descriptive Statistics: Out of 116 regions involved in the
study, 56 non-poor regions have HDI 72.55 on average
which is relatively larger than HDI average of 60 poor
regions 68.53. It makes sense since theoretically a region
with larger HDI has better quality of life than other region
does. We can see the descriptive statistics in more detail
in Table 1.

Global Logistic Regression for the Poverty Data: HDI is
composite index of healthy, education and income ranged
from  0   to   100.   Based   on   Equation  (2)  then  logistic

Table 1: Summary statistics of HDI by poverty status

POV n Mean Std Deviation Minimum Maximum

0 = Non Poor 56 72.55 2.85 65.80 77.90
1 = Poor 60 68.53 3.65 55.70 75.80

116 70.47 3.85 55.70 77.90

Table 2: Logistic regression model for poverty status probability

Standard Wald
Parameter DF Estimate Error Chi-Square Pr > ChiSq

Intercept 1 32.91 6.90 22.78 <.0001
HDI 1 -0.46 0.10 22.78 <.0001

Table 3: Choices of optimum bandwidth by kernel function and
optimization criteria 

AICc Minimization Cross Validation
------------------------------ -------------------------------
Gaussian Bi-square Gaussian Bi-square

Bandwidth 0.84 41.07 0.88 37.19
Log Likelihood -33.74 -32.04 -34.41 -31.08
Deviance 67.48 64.09 68.82 62.17
RSS* 10.64 10.13 10.83 9.86
AIC 84.89 86.85 85.12 86.29
AICc 86.48 89.57 86.52 89.35
BIC 108.85 118.18 107.56 119.50

* Calculated from raw residuals

Table 4: Summary statistics of parameter estimates of logistic GWR model
for poverty

Lower Upper
Label Minimum Quartile Median Quartile Maximum Mean

Intercept 4.97 33.50 58.92 61.66 69.48 48.89
Coefficient
of HDI -0.96 -0.86 -0.81 -0.49 -0.14 -0.69
Odds ratio
for HDI 0.38 0.43 0.44 0.62 0.87 0.51

regression model of poverty (POV) can be modeled as a
function of human development index (HDI). The model
can be written of the form:

(13)

Where POV  is binary data valued to 1 if region i is poori

or 0 otherwise. The result is displayed in Table 2. 
According the Table 2, the global regression model to

fit the data is

(14).

Which will be assigned to all regions. The corresponding
p-values of parameter estimates in this model are all very
small, thus intercept and HDI significantly affect the
poverty  status.  Negative value of HDI coefficient means
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Table 5: Moran’s I and Geary’s c index of Pearson residual of logistic regression and logistic GWR model 

Model Index* Observed Expected Std Dev Z Pr > |Z|

Logistic Moran's I 0.2700 -0.0087 0.0284 9.8300 <.0001

Geary's c 0.6950 1.0000 0.0580 -5.2600 <.0001

Logistic GWR Moran's I 0.0099 -0.0087 0.0280 0.6640 0.5068

Geary's c 1.0503 1.0000 0.0770 0.6530 0.5140

* Under assumption of randomization. Lag distance = 0.84 (in earth coordinate degree)

Table 6: Fit statistics of logistic regression and logistic GWR model

Model RSS* Pearson X Log Likelihood Deviance AIC AICc BIC 2

Logistic 20.05 111.04 -59.74 119.49 123.49 123.59 129.00

Logistic GWR 10.64 60.78 -33.74 67.48 84.89 86.48 108.85

* Calculated from raw residuals

Table 7: Classification accuracy of logistic regression and logistic GWR

model*

Correct

Model Classification Rate Sensitivity Specificity

Logistic 74.10 75.00 73.20

Logistic GWR 87.93 90.00 85.71

* In percent. Cut off point = 0.5

the factor has inversely effect. In addition, the odds ratio
shows that a region with one unit higher on HDI is
exp(-0.46)=0.63 times as likely to be poor.

Logistic GWR for the Poverty Data: Optimum bandwidth
is selected by cross-combining kernel function types and
optimization criteria, therefore, we have some choices of
optimum bandwidth from Gaussian-AICc (using Gaussian
function with AICc minimization), Gaussian-CV, bi-
square-AICc and bi-square-CV presented on Table 3.
According to the table, four optimum bandwidths
relatively have similar properties regarding to log-
likelihood, deviance, RSS, AIC/AICc and BIC. By
considering only on the smallest AIC/AICc, we then
applied Gaussian function with AICc minimization criteria
to get an optimum bandwidth of 0.84 (in earth coordinate
degree).

GWR  estimates local logistic models for all regions.
To explore variation, presenting summary statistics is
more informative than showing all models in mathematical
forms. Table 4 presents summary statistics of parameters
estimates of local logistic models for poverty, both
coefficient of variables and odds ratio. We can observe
from the table that intercept and coefficient of HDI vary as
well as the odds ratio. Coefficients of HDI are negative in
all regions ranged from -0.96 to -0.69, lead to have odds
ratios which are all lower  than  one.  This  indicates   that

HDI inversely affects poverty status in all regions with
different magnitude. In the other word, in regions with
larger odds ratios HDI improve the quality of life  stronger
than the one in other regions. Therefore, such effects of
HDI are similar to both logistic regression and logistic
GWR model. 

Comparison between the Two Methods: Several
approaches were utilized to compare the performance of
global logistic regression and logistic GWR model. We
compare the logistic GWR and the global logistic
regression model according to Moran’s I and Geary’s c.
According to the indexes, residuals in the logistic
regression model have significant spatial dependence,
which actually violates the assumption of uncorrelated
residuals. Since the observed Moran’s I is greater than
the expected value, analogously, observed Geary’s c is
smaller than the expected value, residuals of logistic
regression model show positive spatial autocorrelation,
suggests that any neighboring location i and j tend to
have similar feature values e  and e , respectively.i j

Compared to the global logistic model, residuals of
parameter estimates of GWR show spatial independence
which is indicated by insignificant values of Moran’s I
and Geary’s c.

Information about goodness-of-fit statistics of
standard logistic regression is displayed in Table 6. In the
table we can see that there is significant decrease on RSS,
Pearson chi-square, log-likelihood, deviance, AIC,
corrected AIC and BIC. It means that logistic GWR
models fit data points better than the standard logistic
regression. Furthermore, logistic GWR models predict
response values more accurate than the standard logistic
regression since CCR, sensitivity and specificity of the
model at optimum cut point of 0.5 significantly increase
(Table 7). 
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CONCLUSSION 9. Koutsias,    N.,   J.   Martinez,    E.     Chuvieco     and

The poverty data in Indonesia may be affected by Occurrence in Southern Europe by a Geographically
some local factors. The factors cause the poverty varies Weighted Regression Approach, eds. J.D. Riva, F.
from  region to region. Statistically, it may exhibit spatial Pérez-Cabello and E. Chuvieco, Proceedings of the
non-stationarity. In this study we have shown that 5th International Workshop on Remote Sensing and
logistic GWR approach is more appropriate to be GIS Applications to Forest Fire Management: Fire
implemented for the poverty. The logistic GWR models Effects Assessment. pp: 57-60.
are certainly useful for policy recommendations as it 10. Atkinson, P.M., S.E. German, D.A. Sear and M.J.
provides specific parameter estimates in each region, Clark, 2003. Exploring the Relations Between River
indicated by the goodness-of-fit of the models. Bank Erosion and Geomorphological Controls Using
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