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Abstract 

The main goal of this paper was to apply logistic regression for 

modeling urban sprawl in the Greater Cairo Metropolitan 

Region (GCMR) in a GIS environment and to find the driving 

factors. Land-use data of GCMR were derived from the 2004, 

and 2013 satellite images. Seven driving factors were applied 

in this model: distances to nearest existing urban uses, distance 

to major roads, distance to CBD, distance to County centers, 

distance to Nile River, and cost distance to main urban centers. 

The most significant factors according to the analysis were 

neighborhood factors, local urban centers, and accessibility 

factors of distances to urban uses and major roads. The factors 

were evaluated using data derived from existing maps and 

remotely sensed data. Logistic regression analysis was carried 

out in 60 m resolution data, a map of urban sprawl probability 

was estimated from that analysis. Data from 2004- 2013 were 

applied for results validation by the relative operating 

characteristic (ROC) method. The validation results pointed out 

high accuracy rates for the north, middle, and south sectors of 

the study area.  

Keywords: urban sprawl. Driving Factors, Logistic regression, 

Urban modeling, Egypt 

 

INTRODUCTION 

Due to the rapid population growth in developing countries, 

metropolitan regions are experiencing rapid expansion causing 

deterioration of infrastructure, natural environment ,and 

expansion of slums (Angotti 1993), negative socioeconomic 

impacts (Lambin et al. 2001), global warming, climate and 

ecosystem alterations (López et al. 2001) and depletion of 

agricultural land (Huang et al. 2009). Before the 1950s, swift 

urbanization in developed countries caused a considerable 

decrease in cultivated lands (Firman, 1997). Urban 

development in developing countries continued to be faster 

than the developed countries (Youssef et al. 2011). 

Consequently, managing the urbanization process and 

promoting sustainable development need precise information 

about urban sprawl patterns (Jiang and Yao 2010). Presently, 

more than 50% of the world’s population live in urban areas, 

and this number will increase to 67.2% in 2050 (United Nations, 

2012). The gross global urban areas quadrupled over the last 

four decades of the twentieth century (Seto et al., 2011). 

Although urbanization supports the socioeconomic 

development and develop the quality of life, urban sprawl 

automatically transforms the natural and semi-natural 

ecosystems into compact surfaces and consequently has 

formidable ecological and environmental implications, like 

fragmentation and cumulative land loss (Miller, 2012), and 

global climate alteration (Kaufmann et al., 2007). Whilst urban 

land-use only 3% of the global earthly surface, the ecological 

and environmental impacts of urban sprawl are globally 

affected (Grimm et al., 2008). Gillham (2002) reported that 

urban sprawl shaped at the fringes of metropolitan regions, by 

proliferating over commercial and industrial development with 

low density, and followed by considerable sprawl areas with 

low standards of daily needs services and accessibility modes. 

But, urban sprawl in developing countries may follow various 

urban patterns comparing to the other parts of the world 

(Osman et al., 2016). Grasping the process of urban sprawl and 

its driving factors is decisive for successful urban planning and 

urban management to alleviate sprawl negative impacts. 

The rapid urbanization rates in Egypt, over the past four 

decades, has made the occurrence of urban sprawl and 

particularly for residential use. Urban sprawl areas are thought 

to accommodate between 12 -17 million inhabitants in 2006, or 

about 40–50% of Egypt’s urban population and over 20% of 

gross population (Kipper, R. & Fischer, M, 2009). Despite 30 

years of efforts by the government to manage sprawl in the 

Greater Cairo metropolitan region (GCMR), as it has in all 

Egyptian cities and villages, urban sprawl areas in GCMR 

accommodated more than 7 million peoples in 1998 (Sejourne, 

2006). As of 2006, they were predestined to host more than 

65% of the population of GCMR (10.5 out of 16.2 million 

inhabitants), and the ratio of population growth in these areas 

was higher than other cities, with an increment of 2% between 

1996 and 2006. (Sims & Sejourne, 2008). 

Various existing studies and modeling methodologies can be 

useful to understand the manifestation of urban sprawl (Al-

shalabi et al. 2012). But, the study of urban sprawl still requires 

enormous efforts, especially in cases of third world countries 

(Jokar Arsanjani 2011). The intricacy of spatial and temporal 

dynamics of the urbanization and human activities needs the 

integration of temporal and spatial dynamics and driving 

factors of urbanization in land-use modeling for urban studies 

(Veldkamp and Lambin 2001). Previous research has been 

carried out all around the world to grasp the spatial patterns, the 

driving factors, and the ecological and social implications of 

urban sprawl (Seto et al., 2011). Especially, there has been a 

growing interest in grasping the driving factors of urban sprawl 

and their influences, to develop successful urban plans and 
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urban management policies (Long, GU, & Han, 2012). 

Numerous methods have been applied to find the impacts of 

driving factors on urban sprawl such as canonical 

correspondence analysis (Fu et al., 2006), multiple linear 

regression (Seto et al., 2011), analytic hierarchy process (Thapa 

& Murayama, 2010), bivariate regression (Wu & Zhang, 2012), 

and logistic regression (Dubovyk et al., 2011). The most widely 

utilized tool in this process was logistic regression, which has: 

1) no hypothesis of normality or a linear interconnections 

among the dependent and independent variables (Cheng & 

Masser, 2003); 2) the outcome of logistic regression can 

immediately utilize to understand the prospect of urban sprawl 

(Hu & Lo, 2007); 3) it is useful method to deal with binary 

dependent variables. However, the logistic regression model 

needs to be careful regarding spatial autocorrelation that 

usually observed in spatially referenced data because of such 

autocorrelations may ignore the hypothesis of the logistic 

regression model (Lin et al. 2010). Statistical interconnections 

among the land-use alteration and a set of descriptive variables 

are the main features of most land-use alteration models, which 

clarify the alteration (Overmars &Verburg 2005). Grasping and 

measuring the relation among the driving factors of land-use 

alteration in the logistic regression models is a complex 

procedure. Consequently, solving the misidentifications and 

deficiency of information about the driving factors is crucial. 

This paper seeks to identify the impacts of urban sprawl driving 

factors in the western part of GCMR 2004- 2013.  

 

Case study : 

 

(A) Location of study area within Egypt         (B) Study area sectors Source:JICA,2008 

Figure 1. Location of study area 

 

In this paper, the western part of GCMR is selected as a case 

study due to its sub-spatial sprawl in the last four decades 

(Figure. 1).  Moreover, the urban sprawl patterns of this region 

have never been examined. GCMR is categorized as 

multifunctional region based on its role as the political center, 

economic, industrial, and service capital that associated with 

the global economy. Despite the governmental urban strategies, 

GCMR has had swift haphazard urban sprawl over the last 

decades (Osman et al., 2015 a). Corruption, political disorder, 

and the turbulent economic situation may have influenced 

urban planning that caused enormous sprawled areas. 

Consequently, the main concern for GCMR includes the high 

urban sprawl rates, and the erosion of productive lands and 

green areas, which have made severe socioeconomic and urban 

troubles (Osman et al., 2015 a). 

GCMR is located on the Nile River, bordered by desert hills, 

both to the east and the west. Historic Cairo (i.e. pre-1860) was 

limited to a higher ground near to the eastern hills. GCMR is 

consisting of the entire of Cairo Governorate and the urban 

districts of Giza Governorate (west of the Nile) and Qaliubia 

Governorate (north of Cairo Governorate). Cairo is an urban 

governorate with 26 districts, Giza is a rural governorate with 

5 districts moreover outer administrative villages, and Qaliubia 

is a rural governorate with 2 districts of Shubra El Kheima area 

is an outer administrative village. Governorates are the major 

areas of municipal administration in Egypt, and there is no 

macro-administrative region that comprises the GCMR. There 

are central service authorities (e.g. Public transport, water, and 

wastewater) whose duties proliferate whole GCMR. Urban 

planning of “Cairo region” has been organized by the national-

level General Organization for Physical Planning (GOPP). For 

most businesses and day to day governance, administration in 

GCMR is managed by the three governorates and their 

executive districts.  

 

Table 1.  Population Growth in  GCMR 

Census Giza Gov.  

(Million) 

Total GCR  

(million) 

GCR growth 

(%) 

1947 0.668 3.013 n/a 

1960 1.118 4.910 1.82 

1966 1.420 6.211 4.50 

1976 2.137 8.090 2.68 

1986 3.332 10.860 2.99 

1996 4.273 13.144 1.93 

2006 5,131 16,40 2.2 
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Figure 2. Urban sprawl in study area 2004-2013 

 

DATA SOURCE AND MODELING  

Identifying the possible Physical driving factors of Urban 

Sprawl  

A logistic regression model was established to examine the 

impacts of the submitted factors of urban sprawl. We applied 

difference portioning to measure the significance of driving 

factors. At the beginning, we derived 26 independent variables 

as driving factors for urban sprawl in GCMR. The goodness-

of-fit statistics of the logistic regression for the whole western 

part of GCMR as one unit were very weak in representing a 

good model for the first logistic regression analysis with 

original 26 variables. Both of Cox & Snell R Square and 

Nagelkerke R Squared are 0.12 and 0.23 in addition to Variance 

inflation factor (VIF) test for several factors were ≤ 10 which 

is completely rejected to continue the sprawl analysis by this 

method (Table 6). So, the steps to improve the analysis outputs 

started by dividing the study area to more specific sub-sectors 

based on their unique internal and homogenous characteristics. 

Based on urban density, population numbers, connectivity to 

GCMR metropolitan transportation network, and rate of urban 

sprawl we classified 122 urban areas into main three urban 

sectors (North, Middle, and South) to be the unit of analysis in 

this study. The first screening for the 26 driving factors which 

were collected at the beginning of literature review show a high 

correlation between several factors, So We eliminated factors 

of VIF ≥10 to establish a primary list for our discussion with 

GOPP urban experts to establish the final set of driving factors. 

As shown in figure 3, Field work was essential part of our 

method to gather relevant data about driving factors of urban 

sprawl in the study area. This study was performed in the form 

of an interview to determine the major physical driving factors 

of urban sprawl in GCMR. In advance, a list of possible driving 

factors of GCMR‘s Urban Sprawl was determined according to 

literature review for similar cases in developing countries. The 

interview was performed with two urban experts in two 

different days. Before the interview, the set of possible driving 

factors of urban sprawl, which were determined from literature 

(B. Huang et al., 2009; Tayyebi et al., 2010; Nong & Du, 2011), 

were reviewed. Then, the Planners were interviewed with a 

guiding question to give their opinion according to their 

professional expertise & experience in GCMR. The experts 

were given freedom to add or subtract from the given set of 

possible driving factors of urban sprawl determined by 

literature review. Finally, the researcher was able to determine 

the final set of physical driving factors of urban sprawl to be 

included in the logistic regression modeling. Accordingly, 

Thereby relevant data in determining driving factors such as 

location of existing uses, Major roads, main city Centre (CBD), 

and Cost distance to Main urban centers where fast 

development has been observed in the past few years were 

marked on maps. 

Eleven independent variables are revised according to a 

literature review, primary goodness-of-fit statistics, check and 

discussion with local expertise to include in the model. 

However, as explained earlier, most land-use alteration models 

are data driven. Economic activities, capital income, housing 

rent, and population density were determined as a significant 

driving force of Urban Sprawl both in literature and from the 

interview with planning expertise. But, due to lack of data that 

covers the whole study area the four independent variables 

(Economic activities, capital income, housing rent, and 

population density) were eliminated from the model. That 

decrease the total number of independent variables from eleven 

to seven as shown in table 3.  

In developing countries, the alternative of predictor variables 

highly relies on the availability of high standard and well-

organized data. Especially, socioeconomic data‘s are the rarest 

data in developing countries. Consequently, to cope that 

deficiency, only physical driving factors of urban sprawl were 

applied in this study. A set of logistic regression models with 7 

independent driving factors (X1–X7) was calibrated with the 

help of GIS environment  using full data points within the mask 

of the 122 urban areas divided into three sectors (Figure 1). 

Model calibration was firstly examined at a resolution of 60 m 

referring that there are 47900 data points for each layer and 8 

layers in total. The raster layers at resolution of 360m in each 

study sector were then aggregated to create one merged data set 

for modeling.  
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Figure 3. Flow chart showing logistic regression modeling procedures 

 

In this study, GIS raster data aggregation create images by 

decreasing the number of rows and columns while concurrently 

reducing the cell resolution. Process for assembling uniform 

grids mean of the neighborhood, sampling every n th cell, and 

prevailing values (Bian, 1997). The main method can be 

applied to constant ratios and interval data. The dependent 

variable of urbanization proportion in neighborhoods (X1) was 

calculated using urban sprawl data (Y) for 7 by 7 cell 

neighborhood. Existing similar studies present that variations 

of outputs from the multi-scale analysis are not fully due to the 

real scale impacts, However they are artifacts to be utilized in 

various resampling techniques (Weigel, 1996). To reduce the 

impacts of data aggregation on modeling, a clear aggregation 

procedure was applied to raster layers of distance driving 

factors (X2–X7), rather multi-resolution data for those driving 

factors by a direct route created at each resolution. 

Remote sensing and GIS data from different sources (Table 2, 

and 3) have been used in this research. Two Google earth 

images of 2004 and 2013 were used to detect urban land cover 

alteration patterns. These images were obtained from the 

Google Earth website as standard products, i.e. geometrically 

and radiometrically corrected. The images were also on the 

same level of spatial resolution of 0.6 m which makes it 

convenient for comparison of changes and patterns that 

occurred at the time under consideration. Then, polygons of 

land-cover included agriculture lands, zones of urban uses, 

Main road networks, and water bodies were digitized from the 

Google earth images and then converted to raster data by GIS 

10.1. Most GIS data such as location of urban areas, and 

existing built up areas are derived from VRH Google Earth 

image according to the data gathered from local experts and 

fieldwork. Other data, administrative boundaries, detailed land-

use types, CBD, Main urban centers, local county centers, and 

local road networks were obtained from GOPP (GOPP, 2005). 

Land-use maps derived from Project of preparing the strategic 

and detailed urban plans for the Egyptian Villages  for the years 

2004 were applied (GOPP, 2005), which included six classes 

of land-use: High class residential-use, low- middle class 

residential-use, Agriculture lands, Business uses, Regional 

utilities , and water bodies. All datasets used in this study are 

geometrically referenced to the WGS 1984, UTM zone 36 

projection systems.  
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Table 2. Set of satellite images gathered from the study area. 

S/N Aerial Photo/Images Year Scale/Resolution Sources 

1 Google Earth Image October 2013 0.6m by 0.6m Google Earth website accessed on 10 October 2013 

2 Google Earth Image October 2004 0.6m by 0.6m Google Earth website accessed on 10 October 2013 

 

Table 3. Set of spatial data (vector data) used for the study area 

Spatial data Format Source 

Urban uses 2004 Raster data Derived from Google Earth image, then converted to raster by ARC GIS 10.1 

Urban uses 2013 Raster data Derived from Google Earth image, then converted to raster by ARC GIS 10.1 

Agriculture lands 2004 Raster data Derived from Google Earth image, then converted to raster by ARC GIS 10.1 

Agriculture lands 2013 Raster data Derived from Google Earth image, then converted to raster by ARC GIS 10.1 

Major Roads  Shapefile  Derived Google Earth image 

Local roads Shapefile Cairo geodatabase /GOPP 

Main urban centers Shapefile Cairo geodatabase /GOPP 

County centers Shapefile Cairo geodatabase /GOPP 

CBD area  Shape file  Cairo geodatabase /GOPP 

Detailed land uses, 2004 Shapefile Cairo geodatabase /GOPP 

Administrative boundaries  Shape file  Cairo geodatabase /GOPP 

Water bodies Shapefile Derived from Google Earth image, then converted to raster by ARC GIS 10.1 

 

Field data collection  

This research applied both primary and secondary data to make 

sure that goals of this study are met. Although, some secondary 

data were gathered from literature review and open source 

websites. Field work was performed to compare this data with 

the actual conditions and to update some data particularly roads 

networks between June 2012 - September 2012 and updated in 

September 2014. 

 

Dependent variables  

As shown in Figure 2, the urban sprawl 2004-2013 was 

identified by superimposing the last authorized urban plans for 

local counties (GOPP, 2005) with the current satellite images. 

Then, a binary land-use map was developed to be applied as a 

dependent variable in logistic regression analysis and 

categorized into two land-use classes 0 & 1. The symbol for 

agriculture lands was 0 where 1 refers to urban land uses. The 

conversion process assumed that land-use could alter only from 

agriculture to urban land-use due to the rare probability of land-

use alteration from built up to non-built up in developing 

countries like Egypt. 

 

 

Figure 4. Dependent variable Y – urban sprawl  

from 2004 to 2013 
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Independent variables   

The independent variables in the regression analysis were 

based on location factor. As an experimental evaluation model, 

logistic regression is a data-driven rather than a knowledge-

based approach to the alternative of predictor variables (Hu & 

Lo, 2007). The proportion of built-up land (P_URBAN) is 

calculated by a function focal statistic in Arc GIS 10.1. This 

function computes the proportion of built-up area within a 

neighborhood of 7X7 window size for each pixel and specifies 

the central cell the average value of all cells. variables of 

distance to existing urban uses (DIST_Euu), distance to CBD 

(DIST_CBD), distance to major roads (Dist_Mjrd), cost 

distance to the nearest urban center (C_Dist_Nuc), distance to 

county centers (Dist_Cc), and distance to Nile River (Dist_Nr), 

and cost distance were calculated in Arc GIS 10.1 by Euclidean 

distance function. Euclidean distance function measures the 

least distance from center of the source cell to the center of each 

of the neighboring cells. 

 

 

Table 4. Set of variables included in the logistic regression model  

Variable   Meaning   Nature of variable  

Dependent    

Y   (Y=0) no urban Sprawl; (Y=1)  urban growth  Dichotomous  

Independent   

X1 (P_URBAN) Number of urban cells within a 7 by 7 Neighborhood  Continuous  

X2 (DIST_Euu)  Distance to the nearest Excising urban area (m)  Continuous  

X3 (Dist_Mjrd Distance to the nearest major road (m)  Continuous  

X4 (DIST_Euu) Distance to CBD (m)  Continuous  

X5 (Dist_Cc) Distance to the nearest County Center (m)  Continuous  

X6 (Dist_Nr) Distance to Nile River (m)  Continuous  

X7 (C_Dist_Nuc) Cost Distance to the nearest Urban Center  Continuous  

 

The driving factors explain the physical conditions, the spatial 

impacts of major roads, main urban activity centers, water 

bodies and existing land-use condition on attracting 

urbanization. The complete list of driving factors shown in 

Table 6, and Figure 5. Figure 4 identifies the map of urban 

sprawl from 2004 to 2013, which served as a dependent 

variable y. Raster maps of independent driving factors are 

given in Figure 5. Seven driving factors were denoted as X1 

through X7 representing seven econometric, physical, and 

land-use driving factors were characterized by recording the 

2004-2013 land-use maps in a binary map for each force. 

 

 

    

(A) Urban Cell proportion (B) Dist. Urban areas (C) Dist. Major roads (D) Dist. CBD 
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(E) Dist. County Centers (F) Dist. Nile River (G) Cost Distance  

Figure 5.  Layers of independent variables 

 

UTILIZED LOGISTIC REGRESSION MODEL 

We applied logistic regression model to compare the real urban 

sprawl with the predicted urban sprawl in the region influenced 

by physical and econometric driving factors. In a raster GIS 

modeling environment, the data layers were tessellated to form 

a grid of cells. The nature of the land-use alteration of a cell 

was dichotomous: either the existence of urban sprawl (1) or no 

sprawl (0).  

According to Kleinbaum, 1994 the logistic curve can explain if 

binary values 1 and 0 are applied to symbolize urban sprawl 

and no sprawl. 

             (1) 

Then the probability of a cell being urbanized is given by a 

logistic regression model: (2) 

         (2) 

Where P (Y = 1|X1, X2, X7) is the probability of the dependent 

variable Y being 1 given  (X1, X2, X7), i.e. The probability of 

a cell being urbanized; Xi is an independent variable for driving 

force of urbanization, which can be of interval, ordinal or 

categorical data; and βi  is the coefficient for variable Xi. 

 

Calibration of multi-resolution logistic regression Model 

The aim of multi-resolution calibration of the logistic 

regression was to detect the ideal resolution for modeling. We 

applied three steps to correct the impacts of space. The first step 

was applying raster GIS data aggregation and pixel superfine 

purposes on the data layers by multi-resolution datasets created 

for multi-scale modeling. The multi-resolution modeling 

process from 60 m cell size to 360 m cell size was a procedure 

to accelerate the spatial impacts by regarding a set of spatial 

lags from the first order of 60 m to the 6th order of 360 m. The 

impact of spatial reliance at the resolution of 360 m must be 

less than that at 60 m since the attribute comparability was 

weaker as spatial lags procedure from the first order to a higher 

order. The second step was comprising spatial coordinates of 

data points into list of independent driving factors. Spatial 

autocorrelation could be lessened to some scope by trying to 

initiate site into the link assignment to remove any such impacts 

may occur (Bailey & Gatrell, 1995). For example, the spatial 

coordinates of observations might be initiated as extra 

variables, or to rate regions in terms of their wide location and 

treat this rating as an extra categorical descriptive force in the 

model which could describe the spatial reliance in terms of a 

first-order spatial tendency. The last technique was sampling. 

A ranged random sample image was created and applied to the 

feature determination, file to obtain cell values of dependent 

and independent driving factors on which the logistic 

regression model was checked. The spatial ranges between 

sampling data points were greater than those between 

neighboring data points in the whole data set. Consequently, 

the spatial autocorrelation impacts on modeling study sectors 

as independent units would be smaller than those by applying 

the whole data set. Because of, the urban sprawl map works as 

the dependent force in logistic regression, the small area 

measure of urban sprawl prefers to be under-observed if only a 

fraction of the data points was observed for modeling. The 

concern must be driven to pick of a proper sampling way. 

Aligning random sampling was applied to create a vector point 

file in a GIS environment. Aligning random sampling is 

considered to do well when it is indispensable to ensure that all 

small significant urban areas were included in the sample 

(Congalton, 1988).  

For each one of the three study sectors, a 2004 map of major 

urban centers was applied to compute the distance to the centers 
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for model calibration and a 2013 map for prediction (Gopp, 

2005; JICA, 2008). The number of the urban cells within urban 

areas was computed as an independent variable to take spatial 

interaction impacts into account. In north sector, the number of 

cells within the urban counties was 6168, the number of cells 

that altered from non-urban to urban, i.e., the number of 1s for 

variable Y (1 = urban sprawl) was 61, representing 0.98% of 

total cells. In Middle sector, the number of cells within the 

urban counties was 21785, the number of cells that altered from 

non-urban to urban, i.e., the number of 1s for variable Y (1 = 

urban Sprawl), was 1042, representing 4.8% of total cells. In 

south sector, the number of cells within the urban areas was 

10686, the number of cells that altered from non-urban to 

urban, i.e., the number of 1s for variable Y (1 = urban sprawl), 

was 207, representing 0.95 % of total cells.  

 

Goodness of model Fit 

As shown in Table 5, -2loglikelihood goodness of fit statistic 

told us how bad the model was. The likelihood explained the 

probability of the spotted outcomes, given the parameters 

calculated. The likelihood is a small number less than 1; 

therefore, to manage higher numbers, it is usual to use -2 times 

the log of the likelihood (-2LL). Therefore, if the model is good 

enough, the likelihood is 1, and -2LL is equal to 0. The Cox and 

Snell R Squared and the Nagelkerke R Squared are indicators 

analogous to R2 statistics of linear regression: the closer R2 is 

to 1, the better the model relevant to actuality.  

A maximum likelihood estimator (Hosmer & Lemeshow, 

1989) was applied to fit the model. The outputs of the proper 

logistic regression model with the 7 independent driving factors 

(M7) were given in Table 5.  At the α = 0.05 levels, the seven 

driving factors could be considerable. A probability map was 

created using the delivered model and a residual map computed 

to estimate the extent to which autocorrelation has been 

decreased. Cox & Snell R Squared and Nagelkerke R-Squared 

were applied to test the goodness-of-fit of the model. R2 values 

between 0.2 and 0.4 were considered a good fit (Domencich & 

McFadden, 1975). The Cox & Snell R2 value of the full model 

M7 was 0.700, referring to a very best fit in north sector; for 

middle sector was 0.572 referring to a good fit model; and 

0.678 in south sector, referring a very good fit. 

 

Table 5. goodness-of-fit statistics of the logistic regression in three 

sectors of study area 

Statistics Case study 

North 

Sector 
Middle  

Sector 
South 

Sector 

Log likelihood -2 1134.340 11696.027 2697.864 

Cox & Snell R Squared 0.700 0.572 0.678 

Nagelkerke R Squared 0.933 0.763 0.904 

Overall correct model 

percentage 
95.6% 88.6% 94.5% 

 

By the Nagelkerke R2 , we found R2 value of the full model 

M7 was 0.933, referring an excellent fit in north sector same as 

to south sector where R2 was 0.904; while R2 in middle sector 

was 0.763 which still referring to a very good fit model. At theα 

= 0.05 level in north sector, we rejected the null hypothesis for 

(x1, x2, x4, x5, and x7), but failed to reject the null hypothesis 

for (X3, and X6). There were 14.9 % and 59.8% chances that 

samples came from urban sprawl where the distance to major 

roads and distance to Nile river coefficients = 0. In middle 

sector, we rejected the null hypothesis for (x1, x2, x4, x6, and 

x7), but failed to reject the null hypothesis for (X3, and X5). 

There were 71.0 % and 9.6% chances that samples came from 

urban sprawl where the distance to major roads and distance to 

county centers coefficients = 0. In south sector, we rejected the 

null hypothesis for (x1, x2, x3, x4, and x5), but failed to reject 

the null hypothesis for (X6, and X7). There were 32.3 % and 

30.1% chances that samples came from urban sprawl where the 

distance to Nile river and the cost distance to nearest urban 

centers coefficients = 0. 

 

Multicollinearity analysis  

Multicollinearity is a status where two or more independent 

driving factors, are correlated with each other than they are with 

the dependent variable (Field, 2009). The existence of 

multicollinearity in a model may reason very high standard 

error and low t-statistics, unanticipated alterations in 

coefficient quantities or indications, or negligible coefficients 

despite a high R2 value. Such issues were deceptive in the 

outputs and will outcome in erroneous conclusions about 

linkages between independent and dependent factors. 

Consequently, carrying out the multicollinearity examination is 

a fundamental condition in performing multiple regression 

modeling (Cheng & Masser, 2003). The higher degree of 

multicollinearity, the greater likelihood of inaccurate 

outcomes. There are several ways of finding out the occurrence 

of multicollinearity in a regression model.  

 

VIF is the most frequently utilized tests to find out the 

multicollinearity in statistical analysis. VIF compute how much 

the variances of the applied regression coefficients are 

distended as compared when driving factors are not linearly 

related. It has been presented that VIF for the kth predictor is 

given by:  

 

Where R² is the R2-value acquired by regressing the kth 

predictor on the residual predictors. In most previous literature, 

VIF>10 is observed as a sign of serious multicollinearity 

(O‘brien, 2007). 

 

To eliminate redundant driving factors from the model and 

preserve the constancy of coefficients, multicollinearity 

diagnostic was performed for each set of driving factors. The 

analysis was performed by regressing one of the independent 

variables against the residual six driving factors in a repeated 

mechanism. Luckily, none of the driving factors calculated 

VIF, >10. As shown in Table 6, all variables signed VIF <5, 

which is a good result to complete the regression modelling 

(Field, 2009). This presents that the submitted independent 
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driving factors could calculate different features of the modeled 

dependent variables.  

 

Table 6: Results of multicollinearity analysis 

Variables Description VIF 

North 

VIF 

Middle 

VIF 

South 

X1 

(P_URBAN) 

Number of urban cells 

within a 7 by 7 

Neighborhood 

1.192 1.694 1.241 

X2 

(DIST_Euu) 

Distance to the nearest 

Excising urban area (m) 

3.091 2.543 1.007 

X3 (Dist_Mjrd Distance to the nearest 

major road (m) 

3.133 3.388 1.075 

X4 

(DIST_Euu) 

Distance to CBD (m) 4.476 3.344 1.124 

X5 (Dist_Cc) Distance to the nearest 

County Center (m) 

1.050 4.675 1.099 

X6 (Dist_Nr) Distance to Nile River (m) 3.407 3.033 1.045 

X7 

(C_Dist_Nuc) 

Cost Distance to the 

nearest Urban Center 

1.006 1.900 1.027 

 

MODEL INTERPRETATION 

North sector: 

The agriculture land with more adjoining urban cores and major 

roads had potential to be developed for urban land-use. The 

variable number of urban cells within a neighborhood of 7 by 

7 cell sizes (X1) had an odds ratio equaled to 17.245. With an 

increase of 1 urban cell within the neighborhood, the odds of 

development will increase by 2.904. The use of land plots is 

highly influenced by the land-use conditions of the neighboring 

areas. Land contractors had some tendency of following the 

land-use attributes, patterns in the existing urban areas. Urban 

sprawl tends to be in locations within the existing urban uses 

(X2). The estimated odds ratio = - 0.005, or- 5/1000, which is 

less than one, referring that, probability of urban sprawl in areas 

near to existing urban cores are more than the probability of 

urban sprawl in areas located at farther locations. The odds of 

urban sprawl would decline by 5 if the distance to nearest 

existing urban area decreases by 5 meters (Table 7). 

Urban sprawl prefers to grow surround Major roads (X3) which 

are low & middle-class residential land-use, and business land-

use such as shops or factories. The model explains that urban 

sprawl has been stripped by road accessibility. The odds ratio 

for distance to major roads (X3) = -0.001, or- 1/1000. The odds 

of urban sprawl in an area near to major roads are signed 1000 

times more that odds of urban sprawl in an area located 1 km 

further. The road impact contributes to the spatial types of 

ribbon and strip development. This demonstrates that the 

dragging force has taken impact in accessibility where business 

land-use, and low-class residential land-use tends to occur 

surrounded main centers and jobs sites. The polycentric 

suburbanizing trends in GCMR are proved by the findings of 

odds ratios for the driving factors: distance to the CBD (X4), 

cost distance to active economy centers (X7), distance to Nile 

River (X6), and distance to county centers (x5). The odds ratio 

for (x4, x5, x6, and x7) = 0. Therefore, there is no any impact 

of decentralized, polycentric suburbanizing tendency on the 

urban sprawl in north sector of GCMR (Table 7). 

 

Table 7. Estimated coefficients and odds ratios for the logistic 

regression model containing the 7 independent variables 

Variable Coefficient 

(B) 

Standard 

error 

Odds 

ratio 

Sig. Exp (B) 

X1 (P_URBAN) 2.904 0.130 17.245 0.000 18.245 

X2 (DIST_Euu) -0.005 0.001 -0.005 0.000 0.995 

X3 (Dist_Mjrd -0.001 0.001 -0.001 0.149 0.999 

X4 (DIST_Euu) 0.000 0.000 0.000 0.000 1.000 

X5 (Dist_Cc) 0.000 0.000 0.000 0.014 1.000 

X6 (Dist_Nr) 0.000 0.000 0.000 0.598 1.000 

X7 

(C_Dist_Nuc) 

0.000 0.000 0.000 0.000 1.000 

 

Middle sector 

The variable of urban cells within a neighborhood of 7 by 7 cell 

sizes (X1) had an odds ratio = 0.984. With an increase of 1 in 

urban cells within the neighborhood, the odds of development 

will increase by 0.685. Urban sprawl tends to occur in locations 

near to the existing urban uses (X2). The estimated odds ratio 

= - 0.007, or- 7/1000, which is less than one, referring that, the 

probability of urban sprawl in areas located near to existing 

cores was more than the probability of sprawl in areas were 

located farther than. Specifically, the odds of sprawl would 

decrease by 7 if the distance to nearest existing urban area 

decreases by 7 meters.  

The impact of major roads (x3) has not impacted to support 

urban sprawl in central areas because the nature of sprawl in 

the center is completely various in location and type of uses. In 

the Centre areas, land plots around major roads are 100% 

developed in formal way, due to the nature of land-use that will 

be built there such as high-class residential uses, mega 

commercial males, and regional service centers. Therefore, the 

pattern of development, whether planned or unplanned 

development affect the land value of potential developed land 

plots. The odds ratio for (x4, x5, x6, and x7) = 0 for all of them, 

thus, there were no impacts of decentralization, or polycentric 

suburbanizing trends of urban sprawl in middle sector. Because 

of, all potential developed sites have already been highly 

connected with cheap public transportation network. 

Accordingly, there was no wide gap in location centrality for 

potential growth sites could affect in the decision of 

development (Table 8).  
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Table 8. Estimated coefficients and odds ratios for the logistic regression model containing the 7 independent variables 

Variable Coefficient (B) Standard error Odds ratio Sig. Exp (B) 

X1 (P_URBAN) 0.685 0.012 0.984 0.000 1.984 

X2 (DIST_Euu) -0.007 0.000 -0.007 0.000 0.993 

X3 (Dist_Mjrd 0.000 0.000 0.000 0.710 1.000 

X4 (DIST_Euu) 0.000 0.000 0.000 0.000 1.000 

X5 (Dist_Cc) 0.000 0.000 0.000 0.096 1.000 

X6 (Dist_Nr) 0.000 0.000 0.000 0.000 1.000 

X7 (C_Dist_Nuc) 0.000 0.000 0.000 0.000 1.000 

 

South sector 

Agriculture Land parcels with more surrounded urban areas 

were more likely to be converted to urban land-use. The 

variable of the urban cells within a neighborhood of 7 by 7 cell 

sizes (X1) had an odds ratio = 5.926. With an increase of 1 

urban cells within the neighborhood, the odds of development 

will increase by 1.935. The use of a land parcel was affected by 

the land-use type surrounded areas. Thus, urban sprawl 

preferred to occur in locations surround the existing urban uses 

(X2). The value of odds ratio = - 0.008, or- 8/1000, referring 

that, the probability of sprawl in areas near to existing cores is 

more than areas located farther that. The odds of sprawl would 

decrease by 8 if the distance to existing urban areas decreased 

by 8 meters.  

Urban sprawl prefers to direct around the nearest county urban 

center (X5) which are occupied by low-class residential land-

use and small shops (Table 9). The odds ratio of distance to 

county centers (X5) = -0.001, or- 1/1000. The odds of sprawl 

in areas closer to urban areas were signed 1000 times more than 

odds of 1 km further areas. This indication that dragging force 

has taken impact in nearby centers where infrastructure, 

services, and daily needs commercial. The odds ratios of the 

driving factors: the distance to nearest major roads (X3), 

distance to the CBD (X4), cost distance to active Main urban 

centers (X7), and distance to Nile River (X6), The odds ratio 

for (X3, x4, x5, x6, and x7) = 0 for all of them, thus, there were 

no impacts of decentralization trends of sprawl in the South 

sector of GCMR. Urban sprawl tends to be located surrounded 

the existing urban centers to obtain infrastructure and essential 

services from the nearest existing urban point. In the South 

sector, local people use the unpaved roads for the daily trips to 

services and work. Therefore, the impacts of major roads were 

very limited on urban sprawl (Table9).  

 

Table 9.  Estimated coefficients and odds ratios for the logistic regression model containing the 7 independent variables 

Variable   Coefficient (B)  Standard error   Odds ratio  Sig.  Exp (B)  

X1 (P_URBAN) 1.935  0.060  5.926  0.000  6.926  

X2 (DIST_Euu)  -0.008  0.000  -0.008  0.000  0.992  

X3 (Dist_Mjrd 0.000  0.000  0.000  0.008  1.000  

X4 (DIST_Euu) 0.000  0.000  0.000  0.000  1.000  

X5 (Dist_Cc) -0.001  0.000  -0.001  0.000  0.999  

X6 (Dist_Nr) 0.000  0.000  0.000  0.323  1.000  

X7 (C_Dist_Nuc) 0.000  0.000  0.000  0.301  1.000  

 

PREDICTION OF URBANIZATION PROBABILITY 

The probability of urban sprawl was predicted by connecting 

the coefficients of logistic regression model including the 7 

considerable driving factors (M7) into Eq. (2). To take temporal 

dynamics into as much estimation, and raster layers were 

improved with newer cell values. The highly affected driving 

factors in forming the urbanization probability map were 

(Figure, 6): in north sector, number of urban cells within a 7 by 

7 Neighborhood (X1), distance to the nearest Existing urban 

area (X2), and distance to the nearest major road (X3). In 

middle sector, number of urban cells within a 7 by 7 

Neighborhood (X1), and distance to the nearest Existing urban 

area (X2). In south sector, number of urban cells within a 7 by 

7 Neighborhood (X1), distance to the nearest Existing urban 

area (X2), and Distance to the nearest County Center (X5). The 

map of the predicted urbanization probability is shown in 

Figure 6, which is a ramp color measures from 0- 100. The 

darker tones indicate higher probabilities of urban Sprawl. The 

future urban distribution pattern is easily observable from this 

map. Some new urban spots far from existing urban areas can 

be seen. Most probable areas for urban development are closer 

to existing urban areas in addition to specific probable places 

around major roads in north sector. 
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Figure 6.  Urbanization probability map of Cairo 

MODEL EVALUATION 

The simulated urban sprawl cells were compared with the real 

urban cells that indeed converted from non-urban to urban land-

use 2004-2013. The ROC compares binary data over the entire 

range of simulated probabilities. It assembles into one index of 

agreement to represent the model probability to expect the 

potential urban land-use distribution in study sectors. ROC 

method is a prime method to examine the efficacy of logistic 

models by expecting the occurrence of a phenomenon through 

comparing the probability image with a binary image 

displaying the actual occurrence of this phenomenon. 

(Schneider & Pontius, 2001).  

To carry out this model evaluation, the map of urban sprawl 

probability predicted from the logistic regression model was 

compared against that of actual urban sprawl (reference image) 

created by comparison of the 2004, and 2013 land-use maps 

derived from satellite images. Tables 11, 12, and 13 show the 

number of true positive cells, which are representing the 

potential urban sprawl cells and the actual urban sprawl in the 

reference image. By Considering B as the number of false 

positive cells, C as the number of false negative cells, and D as 

the number of true negative cells, one data point (x, y) was 

generated where x is the rate of false positives (false positive % 

= B / B+C) and y is the rate of true positives (true positive % = 

A / A+C): 

 

 

Table 10. Contingency table showing the comparison of the expected urban sprawl probability with the reference image 

   Predicted probability 

   No urban sprawl (0) Urban sprawl (1) 

 No urban sprawl (0) D (true negative) C (false negative) 

Observed (Reference 

image) 

Urban sprawl      (1) B (false positive) A (true positive) 

 

Table 11. shows the comparison of the predicted urban Sprawl probability with the reference points in the North Sector 

Observed (Reference image) Predicted probability 

Urban Sprawl (Y) Percentage  Correct 

(Y=0) (Y=1) 

Urban Sprawl  (Y) (Y=0) 5701 61 98.9% 

(Y=1) 209 197 48.5% 

Overall Percentage  95.6% 

 

Table 12. shows the comparison of the predicted urban Sprawl probability with the reference points in middle Sector 

Observed (Reference image) Predicted probability 

Urban Sprawl (Y) Percentage  Correct 

(Y=0) (Y=1) 

Urban Sprawl  (Y) (Y=0) 15849 1042 93.8% 

(Y=1) 1439 3455 70.6% 

Overall Percentage  88.6% 
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Table 13. shows the comparison of the predicted urban Sprawl probability with the reference points in the South Sector 

Observed (Reference image) 

Predicted probability 

Urban Sprawl (Y) 
Percentage  Correct 

(Y=0) (Y=1) 

Urban Sprawl  (Y) 
(Y=0) 9508 207 97.9% 

(Y=1) 383 588 60.6% 

Overall Percentage  94.5% 

 

 

 

North Sector Middle Sector South Sector 

   

Area Under Curve 

.985 .941 .970 

 

Figure 7.  ROC curves of the logistic regression model for the submitted three study sectors 

 

The data points were linked to generate an ROC curve from 

which the ROC value was estimated. As shown in figure 7, the 

ROC value is the area under the curve that links the plotted 

points. Sensitivity is the proportion of true positives or the 

proportion of cases correctly identified by the test as meeting a 

certain condition while Specificity is the proportion of true 

negatives or the proportion of cases correctly identified by the 

test as not meeting a certain condition.  

 

DISCUSSION AND CONCLUSION 

For getting a better understanding about the interactions 

between the mutable types of urban sprawl and related physical 

driving factors in GCMR, a binary logistic regression model 

has been established for 2004-2013. The model was submitted 

to multicollinearity analysis and detected to yield VIF <10. The 

significance of proportion of urban cells, distance to Major 

roads, and distance to Existing urban users grown over time in 

the whole sectors, while the significance of distance to CBD, 

distance to County Centers, and distance to Nile river are quite 

decreased in the middle and increment in fringe zones. This 

agreed with Osman et al., 2016 study of spatial metrics that 

show external sprawl followed by fragmentation in the fringe 

areas and intensification of the core.  

 

Moreover, the logistic model has been applied in discussing the 

role of spatial driving factors in formulating urban sprawl 

characteristics in GCMR, and to generate a probability map to 

present where urban sprawl would take place in the future. The 

outcome pointed out that proportion of the urban cells within 7 

by 7 neighborhood force has the highest odds ratio, which 

means that the urban cells sprawl will occur in a proliferation 

pattern in lack of obvious strategies of development in GCMR. 

That explained the importance of urban cells proportion as a 

driving force. Therefore, urbanization was more potentially to 

occur close to existing urbanized areas and major roads and to 

avert isolated areas with higher living expenses and 

transportation costs which imply the importance of these 

factors in this study.  

The model findings reported that proportion of the urban cells 

within a 7 by 7 Neighborhood (+ve), distance to nearest 

excising urban areas (-ve) in whole study sectors, distance to 

nearest major roads (-ve) in north and middle sectors, and 

distance to nearest county centers (-ve) in south sector were the 

most active driving factors in during 2004 -2013. Most of this 

study findings are consistence with similar study findings of Hu 

& Lo, 2007; B. Huang et al., 2009; Vermeiren et al., 2012.  

The logistic regression model had a low performance to specify 

where urbanization occurrence in north sector but it was highly 

effective for middle and south sectors. Therefore, potential 
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urbanization types for north sector could to be predicted by 

various techniques like distribution cells that constitute the 

predestined size of the desired urban land on probability map. 

This method could identify information about urbanization 

tendencies in high accuracies which will be more helpful for 

decision makers to manage urban sprawl.  

 

Regarding to previous urban plans for GCMR which performed 

starting from 1956 and followed by new plans in 1973, 1982, 

1991, and 2006 (Osman et al.,2015b) However, urban sprawl 

rates increased over time from 3.4% annually in 1990s to more 

than 6.3% in 2010s (Osman et al.,2016). The fail of authorized 

urban plans to find the real driving forces of local communities 

of buildable-lands demand and use them as pillars to prepare 

and enforce plans was the main reason for this severe increase 

in sprawl rates. The GCMR local community has their needs of 

buildable-lands demands for residential and business activities 

which particularly ignored in authorized urban plans .Therefore, 

Local community meet these needs by urban sprawl activities 

out of the authorized plans. Strict urban planning procedures 

should be taken to use the active driving factors as tools to 

direct the urban plans in GCMR to the right way. Otherwise, 

the negative impacts of urban sprawl will be persisted in a 

haphazard way. Consequently, the outcome of this model can 

highly assist decision makers in manage development by 

formulating various options of future urban sprawl scenarios. 

 

The urbanization history of GCMR indicated a persistent 

increment of Agriculture land, and the potential urbanization 

findings in this study proved that with more potentials for more 

environmental deterioration in the future. This should increase 

the warnings for decision makers and urban planners. Therefore, 

the GCMR desperately requires of a real urban plan, and 

rigorous urban development rules to mitigate the urban sprawl 

rates for saving Agriculture lands and conserve natural 

environment.  

Diverse considerations have been grasped from this study for 

future research. First, when utilizing a logistical regression 

model to investigate urban sprawl, researchers must be 

attentive about spatial autocorrelation that predominantly 

occurs in spatially referenced data which overstep the 

hypothesis of the model. Second, to curb the demerit of logistic 

regression modeling in transacting with temporal dynamics, 

further research have to examine the self-modifying method for 

model variables to be able to improve themselves automatically. 

Finally, future research have to find the multi-scale attributes 

of land-use systems by utilizing multi-level statistics or a 

hierarchical modeling method. Moreover, The modeling 

findings proved that the variables of roads and existing urban 

areas had a considerable impact on formulating the future 

urbanization in GCMR. Therefore, these variables should be 

regarded in a new study with higher modeling accuracy rates to 

catch measuring indicators could be used to manage the future 

development by local urban decision makers. 
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