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IRS-Ie LISS-III 24 m resolution multispectral image covering bands 2, 3, and 4 
(green , red , and near infrared) whereas the 1998 image was a 5 m resolution panchro­
matic digital image generated by the Indian Remote Sensing Satellite IRS· Ie. These 
two images were merged to provide the most accurate classification. 

With the preprocessing completed, the next step was to classify the area into two 
categorie s: villages (built ar eas) and fields (nonbuilt areas). Unsupervi sed and super­
vised classifica tions were made by using ERDAS Imagine software . Figure 2 shows the 
classification of Menoufia by bui lt or nonbuilt areas within each of the shiakha 
boundaries. 

The polygons of identified built areas as determined from the images are bound to 
be irregularly sized and shape d. So even if they do more accurately represent where 
people live, there remains the problem of how properly to analyze the dat a in this 
zonal format. There are at least three possibl e solutions. One is to leave the polygons as 
classified and map the data by using the irregula r polygons. ntis solution treats the 

Figure 2. Results of classification of satellite ima gery into built (dark) and non built (light) area s, 
by administ rative boundaries (shiakhas) of Menoufia Governorate, Egypt. 
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new polygons as similar to the previous administrative boundaries, except that the 
boundaries more precisely map the population distribution. This is the simplest solu­
tion but it fails to make best use of the improved data now available to the researcher. 

A second solution is to use this more precise spatial definition of population 
distribution to create a continuous population surface (Goodchild et al, 1993; Martin, 
1996; Tellier and Vertefeuille, 1995). This method may utilize one of several techniques 
to create centroids to represent each identified built area and then employ kriging 
techniques to interpolate a surface between centroids. This method works best when 
the variable under consideration is total population size because it is likely that 
population size will follow a pattern that can be characterized by a form of the gravity 
model-with the highest density near the centroid and density declining with distance 
from the center. It is perhaps less realistic to use this surface to model other character­
istics such as fertility, mortality, or migration levels, the distributions of which are less 
likely to be described by a gravity density function. The continuous surface model is 
also disadvantageous if you are not certain that the variable under consideration, such 
as fertility level, is necessarily spatially continuous. Under such conditions, a spatially 
discrete model may work better. That is the third solution. 

The third solution involves creating a spatially discrete set of data by converting the 
classified polygons to a raster-based discrete surface grid for statistical analysis and 
spatial modeling. The grid has the advantage statistically that it permits the collection 
within a GIS of multiple layers of data and attributes for a regularly defined geographic 
zone. Analysis is thus facilitated and the results are more interpretable statistically and 
visually. This is especially important in a study such as ours where change detection over 
time is an important goal. The raster data provide a clear image of change as population 
spills from one cell into another and as values change between and within cells [for 
examples in which UK census data are used, see Bracken and Martin (1995) and Mesev 
(1998)]. The discrete model has the added advantage that a continuous surface model 
can later be estimated by using the raster data (Langford and Unwin, 1994). 

The polygons of the built areas as classified from the images vary considerably in 
size and shape, and the number and position of these polygons vary from one census 
area (shiakha) to another. This variation can be described by the following five differ­
ent scenarios: 
(1) the census area contains one unique built area; 
(2) the census area contains multiple unique built areas; 
(3) the census area contains a portion of one built area that has spilled over from a 
neighboring census area; 
(4) the census area contains unique built areas and portions of spill-over built areas; 
and 
(5) the census area contains no built areas that were classified from the imagery, 
apparently reflecting a population that is dispersed among the fields or near roads in 
such a manner that they cannot be identified from the imagery. 

In converting these polygon data to a grid cell in order to assign a location to the 
population within an administrative area, we have essentially four choices (Chou, 1996): 
(1) assign a point location to the classified polygon (the centroid method); 
(2) assign cell values based on the predominant classification (in this case, built or 
nonbuilt) within a cell; 
(3) assign cell values based on any portion of built classification being included in the 
cell; or 
(4) develop a specific hierarchical decision algorithm to assign cells. 

We have chosen the fourth approach and, in essence, have combined elements of the 
first three. The classified polygons were converted to points by using the centroid ofeach 
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polygon and the points were then converted to a raster grid for stat istical analysis. This 
method , however, creates some proble ms. In several insta nces there was more than one 

olygon within the census area or one polygon divided between two census areas.To solve 
his problem. two steps were taken. First, all classifi ed built polygons spilling over into 
ultiple census areas were divided among the constituent census areas, reflecting the fact 

hat census data were aggregated separately for those parts of villages. Second , in those 
ases where the re was more tban one polygon in a census area , the centroid (and thus the 
ensus data) was assigne d uniquely to the built polygon tha t is larges t in size.Th e resulting 
et of cent roids is shown in figure 3. 

Once the built areas had been identified and a centroid calculated to represent the 
olygons, a grid was laid over the entire surface to create the new area l units of 
nalysis within the GIS. The grid size was chosen to minimize the likelihood that 
o re than one centroid would fall within any given cell. The following decision ru les 
ere applied for assigning data to each grid cell: 
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Figure 3. Centroids of bui lt areas shown in figure 2, afte r applying decis ion roles to produce a 
unique built a rea centro id for each census area. 
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Figure 4. A I km grid of centroids of the classified built areas laid over the data shown in figure 3. 
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(1) if no centroid existed within the cell, the cell was assigned null values for every 
variable; 
(2) if one unique centroid fell within the cell, that cell was assigned the values for each 
variable as determined for the census unit (villages) to which the centroid was linked; 
(3) if more than one centroid fell within the cell then one of the centroids was chosen 
at random to represent the data for that cell. The advantage of this approach is that it 
avoids the problem of spuriously duplicating data, and the disadvantage is that it runs 
the risk of ignoring potentially important spatial information. 

Only a small number of cells had duplicate centroids and we found that our 
statistical analysis was not affected by either including the duplicates or excluding 
them. We experimented with several different grid cell sizes and found that the results 
were consistently the same with grid cells of 1 km, 500 m, and 250 m. Our analysis 
employs the I km grid cell, as shown in figure 4. 
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Methods of analysis 
We first use ordinary least-squares (OLS) linear regression models to assess the relative 
contribution of the human capital variables to fertility at the village level in 1976 and 
1986.The first model, for example, treats the Thompson net reproduction rate (referred 
to hereafter simply as R DI 

) as the dependent variable, with a control introduced for the 
sex ratio in the reproductive ages. The next set of variables introduced in the model are 
female illiteracy in 1976, the proportion of women married in 1976, and the total 
population size of the village. A similar model is constructed for the 1986 data. 

Using raster grid data, we then introduce the spatial component at both the global 
and local levels. The most widely used global measure of spatial autocorrelation is 
Moran's I (Cliff and Ord, 1981). This statistic tests for spatial patterns that differ from 
randomness. The theoretical value of Moran's I in a spatially independent pattern of 
points is -l/(N - 1).Values of I greater than that indicate positive spatial autocorrela­
tion (in which neighboring values are similar to one another), and values below that 
are indicative of negative spatial autocorrelation (in which neighboring values are 
dissimilar to one another; Chen and Getis, 1998). 

The local spatial statistic utilized is the G;'(d) statistic (Getis and Ord, 1992; Ord 
and Getis, 1995), which measures the clustering of similar values around a given point 
at a specified distance from that point, relative to the point pattern in the entire 
geographic surface. The statistic is written as follows: 

n / n
G;'(d) = ~ wlj(d)xj ~Xj' 

where [Wij] is a one-zero spatial weight matrix, with value one for all links defined as 
being within distance d of a given i, and value zero for all other links. Thus the 
numerator is the sum of all xj within d of i, where i represents the rows of the grid, 
j represents the grid columns, and d is the number of grid cells away from cell ij, 
expressed in terms of the scale of the grid cells. In our analysis, each grid cell 
represents an area of 1 km x 1 km. The denominator is the sum of all x • j 

A positive G;'(d) score indicates a spatial clustering of high values around a given 
point, whereas a negative G;'(d) indicates a spatial clustering of low values. The 
distance at which these scores are recorded is usually found empirically by deriving 
scores at repeated distances out from each point, and then looking for that distance 
(called the 'critical' distance) at which scores peak at either high or low values. 

We shall put the G;'(d) statistic to two uses. First, it has the ability to locate 'hot 
spots' where low or high values are clustered. These spatial clusterings may then be 
investigated further (either qualitatively or quantitatively) to discover the sources of the 
clustering. The changes in spatial clustering between two or more dates can also be 
determined in this way. 

The second use of the G;'(d) statistic is as a spatial filter to extract the spatially 
autocorrelated portion of each of the variables in the regression variable and then to 
reintroduce the spatial variable into the regression equation as a separate factor (Getis, 
1995; Scott, 1999). In this application, the filtered value xi for a variable Xi is found as 
follows: 

xiE(Gt)xi = Gt(d) , 

where 

E(Gt) 
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Then the difference between the original variable, Xi' and the filtered variable, x{, is a 
new variable, x;'P, which represents the spatial effects embedded in Xi (Getis, 1995). 
These two variables, x{ and xtp, replace the original variable, Xi' in the regression 
equation to produce a spatially filtered regression model. 

Results 
Is fertility spatially clustered? 
We first utilized the global spatial statistic, Moran's I, to test the null hypothesis that 
fertility in Menoufia was spatially independent. In 1976 the normalized random z-score 
for Moran's I for the rate R M was 6.82, indicating a statistically significant amount 
of spatial autocorrelation, thus leading us to reject the null hypothesis that fertility is 
spatially independent in Menoufia. In 1986the rate R M produced a normalized random 
z-score for Moran's I of 5.50, again indicating a statistically significant level of spatial 
autocorrelation. 

The G;"(d) statistic, as described above, provides a more precise way to test for 
spatial dependence. For any given cell in the grid, its statistically significant difference 
from spatial independence is given by the ratio of the G;"(d) statistic relative to its 
expected value at a calculated critical distance d. We calculated the critical distance as 
that distance at which the filtering process has removed the spatial autocorrelation 
(measured by Moran's I) from the variable (Scott, 1999). 

Any cell with a G;"(d) value that is statistically significant at the 0.05 level would 
cause us to reject the null hypothesis of no clustering and would assign that cell to a 
cluster of either high or low fertility, depending upon the sign of G·. In 1976 the critical 
distance was 5 km, indicating that, on average, villages that were clustered were most 
similar in fertility levels to those within a 5 km radius. In 1986 the critical distance was 
4 km. Table 2 shows the characteristics of the villages by clustering. In both 1976 and 
1986 the summary statistics were in the predicted direction, with the villages clustered 
around low fertility also exhibiting lower than average proportions married, lower 
proportions of illiterate women, and lower adult sex ratios. In 1986, but not in 1976, 
the lower fertility clusters were associated with more populous villages. On each 
characteristic the villages clustered around high fertility exhibited the opposite pat­
terns-higher proportions married, higher proportions of illiterate women, and higher 
adult sex ratios. 

Figure 5 shows the spatial clustering of high and low fertility in 1976, where villages 
in high-fertility clusters were those whose normalized z scores for the G;"(d) statistic 

Table 2. Characteristics of villages by clustering, 1976 and 1986. 

Fertility N R D' Proportion Proportion Sex ratio in Total 
cluster of females of females reproductive population 
by year married illiterate ages 

1976 
low 47 1.94 0.61 0.77 0.86 4821 
not clustered 200 2.15 0.64 0.81 0.86 5936 
high 36 2.43 0.70 0.89 0.90 5221 

1986 
low 25 2.03 0.59 0.61 0.89 10481 
not clustered 224 2.29 0.63 0.67 0.94 7051 
high 34 2.69 0.69 0.77 0.98 6788 

Notes: N, number; R"', net reproduction rate. 
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Figure S. Clustering of fertility in 1976 in the Menoufi a Governorate, Egypt . The dar ker circles 
indicate cluster ing of high fertility, whereas the lighter circles indicate clustering of low 
ferti lity. 

Were above 2, villages in low-fertility clusters were those who se normalized z scores for 
the Gt(d) statistic were below - 2, and those villages with normalized z scores between 
-2 and 2 were conside red not to be clustered. In 1976 the clusters of low ferti lity were 
found in the north and northeast. whereas the clus ters of high fert ility were concen­
trated in the south and sout hwest of the governorate. 

Although the pattern of cluster ing shown in figure 5 could be interpreted as being 
influenced by edge effects, the clustering in 1986. shown in figure 6 (over). seems to belie 
that explanation. In 1986 the clustering of low fertility bad moved toward the middle of 
the governorate, although still concentrated in the north, whereas the clustering of high 
fertility was more concentrated in the southern portion of the governorate. Although the 
southern portion of Menoufia is closest to Cairo, it is also the site of the Barrage-the 
dam that controls water from tbe Nile as it enters the Delta region. This is ricb 
agricultural land with centuries, if not millennia, of rural tradition that almost certainly 



Figure 6. Clustering of fertil ity in 1986 in lhc Menoufia Governorate, Egypt . The darker 
circ les indica te clust ering of high fertility, whereas the light er circles indicate clusterin g of low 
fer tility. 
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contributes to the maintenance of low levels of education, low levels offemale labor-force 
participat ion. and higher than average levels of fertility. 

The data in figure 7 illustrate the change in the pattern of clusteri ng between 1976 
and 1986. Villages were categorized according to the combinations of clustering in the 
two time periods. Thus the lightest shades of clustering in figure 7 are assigned to 
villages that were in low-fertility clusters in both 1976 and 1986, and the next lighter 
shade indicates villages that moved from not being clustered in 1976 to being in low­
fertility clusters in 1986. The data thus show the concentration of lower fertility in the 
north . and the diffusion of lower fertility in that region . At the other extreme. the 
darkest shading is assigned to villages that were in high-fertility clusters in both 1976 
and 1986 and the next darker shading reflects villages that went from not being 
clustered in 1976 to being in a high-fert ility clust er in 1986. These villages are concen­
trated in the southern portion of the region. In general the changes between 1976 and 
1986 shown in figure 7 exhibit a spatial diffusion effect, with a spread of higher than 
average fertility to contiguous villages, and a spread of lower than average fertility to 
contiguous villages. 



F1gufC 7. Change in the clustering of fertili ty between 1976 and 1986. The lighter shades indicate 
the maintenance of or shift toward the clustering of lower ferti lity, whereas the darker shades 
indicate the maintenance of or shift toward higher fertility clustering. 
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Qu.nttfylng the importance of sp.tial vari.bility 
It is clea r from figu res 5 throu gh 7 that spatial variability in fertility exists in Menoufia. It 
does matter where you are -lower fertility is clustered in the north. and higher fertility is 
clustered in the south. How important is this spat ial effect as a determinant of fertility 
levels? We used the technique of spatial filtering of variables in a regression model. as 
discussed above, to try to ans wer this question. First. we developed an OLS regression 
model that did not include a spatial component. echoing the typical model in demo­
graphic analysis. Second. we filte red the sta tistically significa nt predictor vari ables to 
assess the importance of the spatial effect. 

The basic nonspa tial mod el is that the fertility level in a village is a function of 
female illiteracy, co ntrolling for the sex ratio at the reproductive ages (as a control for 
the effect of out-migration), the percentage of adult women who are currently married 
(as a cont rol for the effect of marital status on the measure of fertil ity that we 
calcula ted), and for total po pu lation size (as a con trol for urbanness). 
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Table 3. Initial ord

Variable 

inary least-squares regressio

Unstandardized 

n for 1976. 

Standardized fJ Significance z(I) 

Dependent variabl

coefficient 

e, R D 
' 

of t 

6.82 
Female illiteracy 0.495 0.205 3.486 0.001 7.98 
Proportion married 1.965 0.446 7.362 0.000 7.89 
Sex ratio at 0.174 0.059 1.188 0.236 1.30 

reproductive ages 
Population size -0.00005 -0.138 -2.894 0.004 0.96 
R 0.629 
Adjusted R2 0.387 
z(I) for residuals 0.87 

Note: see text for an explanation of the variables. 

In 1976 three variables emerged as statistically significant predictors of fertility in 
Menoufia: female illiteracy (higher levels were associated with higher fertility), the 
percentage of adult women currently married (a higher percentage married being 
associated with higher fertility), and total population size (the larger the village, the 
lower the fertility). The R value was 0.629, with an adjusted R2 of 0.387, as shown in 
table 3. The residuals were not autocorrelated because much of the spatial variability 
was accounted for by the proportion married. Without that variable in the equation, 
the residuals were significantly autocorrelated, whereas the introduction of the variable 
proportion married into the equation removed the spatial autocorrelation from the 
residuals. 

Two of the predictor variables-female illiteracy and proportion married-have 
statistically significant levels of spatial autocorrelation, whereas the other two predictor 
variables do not. The two with spatial autocorrelation were then filtered to decompose 
the spatial component from the nonspatial (called the 'filtered') component by using the 
method described above. The results are shown in table 4, where it can be seen that 
although the R and adjusted R2 values are essentially unchanged from the unfiltered 
model, we are now able to assess the relative contribution of the spatial component to 
that explained variation. The data show that the filtered (nonspatial) component of the 

Table 4. Spatially filtered ordinary least-squares regression for 1976. 

Variable Unstandardized Standardized fJ Significance z(l) 
coefficient of t 

Dependent variable, R D 
' 6.82 

Filtered female illiteracy 0.417 0.149 2.699 0.007 -0.99 
Filtered proportion 1.724 0.329 5.907 0.000 0.48 

married 
Spatial female illiteracy 0.640 0.167 2.563 0.011 10.92 
Spatial proportion married 2.322 0.331 5.024 0.000 11.76 
Sex ratio at 0.178 0.060 1.223 0.222 1.30 

reproductive ages 
Population size -0.00005 -0.148 -3.111 0.002 0.96 
R 0.637 
Adjusted R2 0.393 
z(l) for residuals 0.67 

Note: see text for an explanation of the variables. 
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Table 5. Initial ord

Variable 

inary least-squares regressio

Unstandardized 

n for 1986. 

Standardized P Significance z(l) 

Dependent variabl

coefficient 

e, R D 
' 

of t 

5.50 
Female illiteracy 1.768 0.520 9.955 0.000 6.14 
Proportion married 1.443 0.256 5.038 0.000 5.00 
Sex ratio at 0.007 0.016 0.364 0.716 2.05 

reproductive ages 
Population size -0.000002 -0.055 -1.163 0.246 3.04 
R 0.694 
Adjusted If 0.482 
z(l) for residuals 3.15 

Note: see text for an explanation of the variables. 

proportion married has a standardized fJ coefficient that is virtually the same as the 
spatial component of that variable, indicating that the spatial component explains about 
half of that variable's relationship to fertility levels. The spatial component of female 
illiteracy is slightly more important than the filtered component, as can be seen in 
table 4. Summing the absolute values of the statistically significant standardized fJ 
coefficients, we can determine that the spatial component accounts for 33% of the 
explained variation in the net reproduction rate in 1976. 

The initial regression model for 1986 showed that a higher proportion of the 
variation in the net reproduction rate was explained than in 1976-with an R value 
of 0.694 and an adjusted If of 0.482, as can be seen in table S. In 1986 the female 
illiteracy variable was a more important predictor of fertility than was the percentage 
married, and neither the adult sex ratio nor the total population size was statistically 
significantly related. The spatial component was also more noticeable than in 1976 
because all four predictor variables exhibited spatial autocorrelation and the residuals 
were also spatially autocorrelated. 

Table 6. Spatially filtered ordinary least-squares regression for 1986. 

Variable Unstandardized Standardized p Significance z(l) 
coefficient of t 

Dependent variable, R D 
' 5.50 

Filtered female illiteracy 1.920 0.480 9.496 0.000 -0.64 
Filtered proportion 1.057 0.170 3.587 0.000 -0.36 

married 
Filtered sex ratio 0.002 0.006 0.136 0.892 -0.58 

at reproductive ages 
Filtered population size -0.00000008 -0.063 -0.379 0.705 0.03 
Spatial female illiteracy 0.913 0.157 2.716 0.007 26.80 
Spatial proportion 3.352 0.317 4.755 0.000 25.72 

married 
Spatial sex ratio 0.640 0.051 0.332 0.332 28.96 

at reproductive ages 
Spatial population size -0.00000004 -0.021 -0.131 0.896 0.22 
R 0.717 
Adjusted If 0.513 
z(l) for residuals 1.32 

Note: see text for an explanation of the variables. 
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All four predictor variables were filtered in 1986and the resulting regression model 
is shown in table 6. Filtering raised the explained variation from 0.482 to 0.513, 
although female illiteracy and the proportion of women married remained as the 
only statistically significant variables in the equation. In 1986 the most important 
predictor was the filtered (nonspatial) component of female illiteracy, followed by the 
spatial component of the proportion married, then the filtered component of the 
proportion married, and finally the spatial component of female illiteracy. If we once 
again sum the standardized f3 coefficients of the statistically significant variables we 
find that the spatial component accounts for 42% of the explained variation-a higher 
fraction than in 1976. 

Discussion and conclusion 
The period from 1976 to 1986 was a period of overall relative stability in fertility levels 
in rural Egypt and not until the 1996 census data become available at the village level 
will we be in a position to track significant changes in fertility over time. However, it is 
clear that at least by 1976 there were clear spatial patterns to fertility in Menoufia and 
our analysis suggests that these spatial patterns were even more definitive in 1986than 
they had been in 1976. This seems to suggest the existence of some momentum for 
change, which we hypothesize will be observable when the 1996data become available. 
The southern portion of the governorate was more obviously the location of higher 
than average fertility in 1986 than had been true in 1976 and we would predict that the 
clustering of lower fertility will have exhibited a southward drift or diffusion by 1996. 
The results from our spatial filtering procedure suggest that some of this effect will be 
due solely to where villages are located, regardless of any changes in female education. 
The analysis also suggests that improving levels of female education will have been the 
most important human capital influence on fertility between 1986 and 1996. By iden­
tification of those areas in which low fertility is already clustered, government policy 
can potentially be efficiently employed to focus family activities in those areas, to 
ensure the maintenance of declining fertility which, our analysis suggests, will have a 
tendency to spread to nearby villages. 

Our interpretation of results could have been influenced by our choice of a cell size 
of 1 km for the raster grid produced by the classification of satellite images into built or 
nonbuilt land cover. This cell size had the advantage of minimizing the total number of 
cells, thus easing the burden of calculation, but it had the disadvantage of eliminating a 
few villages from the analysis because of their overlap in a cell with another village, 
reducing the number of villages in the spatial analysis from the original 312down to 283. 
However, experimentation with alternate cell sizes suggested that these results were not 
very sensitive to the choice of cell size: the pattern of results was identical with grid cells 
of size 500 m and 250 m. Furthermore we determined that the nonspatial regression 
results were virtually identical for the villages (cells) used in the spatial analysis as for 
the entire set of villages. 

In conclusion we have shown that the use of remotely sensed images can allow us 
to locate more accurately the population in a rural area and, by incorporating the 
results of the classification of that image into a GIS, we are able to create a raster 
grid that allows us to build the spatial component into OLS regression and, in effect, 
decompose the explained variation into that which is explained by spatial (such 
as diffusion or culture) factors and that which is explained by nonspatial (such as 
human capital) factors. In the rural governorate of Menoufia, Egypt in both 1976 and 
1986 the variability in fertility seemed to be explained independently by both factors. 
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