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Abstract 
Previous studies on unbanked population, conducted in Mexico and other countries, have not taken 

into account key issues affecting the geographic organization of the banking systems in the 

intrametropolitan space. In this work we explore the influence of banking services supply and 

demand on the spatial organization of bank branches operating in the Toluca Metropolitan Area 

(TMA), the fifth largest in Mexico. Our results reveal the logic of spatial behavior of the banking 

system within the TMA, characterized by: i. a tendency towards strong spatial agglomeration; ii. 

prioritizing  the spatial association (co-localization) between certain banking firms; and iii. 

orienting the localization of bank branches toward strategic segments of demand. 

 

 

Introduction: Unbanking and Geographic Organization of The Banking System in the  

Intrametropolitan Space. 

 

Financial intermediation via commercial banking is a fundamental service for efficient operation of 

an economy and for ensuring that the benefits from its growth spread to all segments of society. In 

Mexico, the inability of the financial system to reach the entire population and serve micro-

enterprises and small businesses has led to the existence of a minority sector that enjoys the 

services of the financial system (banked) and a majority sector that can access these services only 

partially or not at all (unbanked) (Rojas, 2006; Ruiz, 2004; WB 2005). The situation is similar in 

many developing nations (Kumar et al, 2005). 

 

The low level of utilization of the formal financial system in Mexico means that the unbanked 

sectors face excessive transaction costs in the payment of utility bills and processing of money 

orders and checks (including those from government programs aimed at combatting poverty). They 

also face very high interest charges from the use of alternative credit mechanisms (e.g. 

pawnbrokers, moneylenders) and little or no income from savings and investments (WB, 2005). 

Being unbanked, therefore, as an individual, a micro-enterprise or a small business, directly affects 

income and consequently economic level and competitive position. 

 

The phenomenon of unbanking is due to a number of barriers to the utilization of banking services, 

which can be grouped into three major categories: i. Cost Barriers, ii. Cultural Barriers and iii.  
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Location Barriers (Connolly and Hajaj, 2001; Solo, 2008; Rojas, 2006). Cost barriers include, for 

example, service fees charged by banks or minimum deposit requirements imposed on new 

checking accounts. Cultural barriers have to do with problems such as consumers’ lack of trust in 

the financial system; and Location barriers are primarily geographic barriers to access resulting 

from the spatial localization of bank branches. Location barriers are very important even at an 

intrametropolitan scale: nearly 10% of those unbanked in Mexico City with enough income to use 

banking services report that location of bank branches is a key factor impeding their access to the 

banking system (WB, 2005; p. 22).  

 

Nevertheless, except in a few cases (e.g. Ruiz, 2004; WB, 2005), geographic access to banking 

services at an intrametropolitan scale has been studied very little in Mexico, and studies conducted 

have not taken into account key issues of spatial organization which turn out to be critical in 

understanding unbaking at an intrametropolitan scale, even though the importance of the spatial 

variable in access to banking is widely recognized (Ruiz, 2004: p. 568; WB, 2005: p. xvii). For the 

purposes of this work, two central issues are emphasized: i. the influence of existing supply of 

banking services on localization of new bank branches (e.g. do existing bank branches attract, 

reject or have no effect, in spatial terms, on new bank branches entering the intrametropolitan 

market?) and ii. the influence of demand characteristics on the spatial localization of banking 

services (e.g. which population or employment characteristics, heterogeneously localized in the 

territory, have more influence on the localization of bank branches?). 

 

The objective of this work is, therefore, to explore the influence of these two key determinants of 

spatial organization of banking systems in a specific city, to better understand the logic of 

geographic behavior of a banking system in an intrametropolitan space. This will advance key 

learnings and lead to public policy designs aimed at creating more opportunity of access to 

financial services for unbanked populations and businesses in large Mexican cities. 

 

This paper comprises six sections. First, we summarize the principal findings, methods and 

indicators reported in the literature to analyze the spatial organization of banking systems at an 

intrametropolitan scale. In section two we briefly describe our methodology, study zone, 

information sources and spatial analysis software used for this work. In section three we examine in 
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detail the spatial pattern of bank branches via the Planar K-function and in section four we evaluate 

the spatial attraction, rejection or indifference between branches of different banking firms, 

estimated via the Cross K-function. Having analyzed the influence of supply on spatial organization 

of a banking system, in section five we complete the analysis by examining the spatial effects of the 

principal segments of demand (population and employment). Finally, in section six we summarize 

our findings and the primary learnings from our study. 

 

1. State of the Art: Agglomeration, Dispersion or Randomness of the Spatial Pattern of Bank 

Branches, and Key Location Factors. 

The international literature contains very few examples of intrametropolitan location pattern 

analysis for bank branches. Frequently cited is the famous article by Avery (1991) which analyzes 

the supply of bank branches in cities, but which treats the urban zones as non-dimensional points, 

rather than as areas. More pertinent examples are those that treat cities as areas: Ashcroft, 1981 

(which studies the spatial organization of the banking system in Ottawa, Canada); Caskey, 1992 

(which studies the US cities of Atlanta, Denver, San Jose, New York and Washington, DC); Chang 

et al, 1997 (New York); Lee and Fukuy, 2003 (Tokyo, Japan); Lord and Wright, 1981 (Charlotte, 

U.S.); Medina and Núñez, 2006 (Bogotá, Colombia); Shearmur and Alvergne, 2002 (Paris, France); 

Topçu, 2001 (Istanbul, Turkey); and Zhou, 1998 (Los Angeles, U.S.). However, for Mexico there 

are no published studies of this type. 

 

There is evidence that the intrametropolitan location of banking services, at least in certain US 

cities, tends towards spatial concentration, although the precise reasons for this locational behavior 

are only known within the banking firms (Chang et al, 1997). Nevertheless, it is reasonable to 

suppose that this spatial behavior is not coincidental, but rather is due to a number of advantages 

for firms when they agglomerate in the territory, generically called economies of agglomeration 

(Fujita and Krugman, 2004; Fujita and Thisse, 2002; O´Sullivan, 2007). However, a better 

understanding of the agglomeration processes of economic units, including banks, is complicated 

because of an important initial obstacle: the lack of widely accepted methods to correctly measure 

spatial concentration, dispersion or randomness (Guillain and Le Gallo, 2007; Holmes and Stevens, 

2004; Marcon and Puech, 2003; Quah and Simpson, 2003). It is an accepted fact that if the spatial 
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pattern of economic units cannot be reliably measured, it becomes very difficult to understand their 

spatial behavior (Duranton and Overman, 2005). 

 

The literature reports a wide variety of methods and indicators used for characterizing the spatial 

patterns of economic units and activities; however, there is no consensus on which of them are 

more appropriate (Guillain and Le Gallo, 2007). Duranton and Overman (2005) identify three 

generations of methods for estimating spatial concentration, dispersion or randomness of firms. 

The first generation includes, paradoxically, non-spatial indicators such as those derived from 

Gini's Index, which in reality are statistical exercises not tied to territory (e.g. Krugman, 1991b). 

The second generation of indicators introduces some spatial elements and describes the underlying 

economic concentration, but like the first generation these indicators consider space in a discrete 

manner – organized in spatial administrative units chosen arbitrarily: countries, states, 

municipalities. This is driven by the way in which official statistical information is made available, 

not because they are more adequate for studying firms' spatial agglomeration or as a response to 

any spatial configuration of the economic processes in the territory (e.g. Ellison and Glaeser, 1997; 

Devereuex et al, 2004). Finally, the third generation of methods and indicators is derived for the 

most part from the K-function proposed by Ripley (1976), and is based on the concept of 

continuous spaces (i.e. surfaces not fragmented by artificial or arbitrary political-administrative 

units) enabling measurement of point concentrations (i.e. bank branches) simultaneously on diverse 

spatial scales (e.g. Arbia, 2001; Arbia et al, 2007; Duranton and Overman, 2005; 2006; Marcon and 

Puech, 2003). 1

 

  

From a geographic perspective, the methodologies used to estimate the spatial agglomeration, 

dispersion or randomness of economic units in a territory can be divided into two major categories: 

those which treat the territory as a discrete space and those which treat it as a continuous space. 

The discrete space methodologies have been widely used (Greenstein, 2005; Maurel and Sédillot, 

1999; Rysman and Mori et al, 2005), but are recognized to have important limitations: i. they rely 

                                                 
1 Perhaps the methods and indicators called third generation by Duranton and Overman (2005) should be considered fourth 
generation, given the earlier appearance of methods derived from the closest-neighbor technique (Clark and Evans, 1954; Lee, 
1979). The difference between these methods and those derived from Ripley’s K-function is that they don’t allow, among other 
things, simultaneous analysis over multiple spatial scales or a comparison with points from different study areas, as is possible with 
the more sophisticated methods based on the K-function. 
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on data artificially aggregated in discrete spatial units whose arbitrary limits do not necessarily 

correspond to the real behavior of the economy; ii. the discrete spatial units chosen are considered 

internally homogeneous (which implies a serious issue of ecological fallacy); iii. the definition 

(form) and scale (size) of the spatial units directly impact the analysis results (i.e. what geographers 

call the Modifiable Areal Unit Problem); iv. these are non-spatial methodologies since they do not 

consider territory localization of the discrete geographic units in which the information is organized 

(Bertinelli and Decrop, 2005; Guillain and Le Gallo, 2007); v. they use a general indicator of 

concentration/dispersion, but do not indicate its level of significance (so that it's not known exactly 

whether the results were obtained by chance or whether they are statistically significant). On the 

other hand, these methodologies have important advantages: they are relatively easy to apply, they 

rely on readily available data, and their interpretation is usually simple (Ellison and Glaeser, 1997; 

Maurel and Sédillot, 1999). 

 

The limitations of these discrete space methodologies are overcome using continuous space 

methodologies (Arbia et al, 2007; Duranton and Overman, 2005; Marcon and Puech, 2003). 

However, these methodologies suffer from at least two important operational problems: i. they are 

very demanding in terms of the data necessary to conduct the analyses, since they are based on 

precise locations (geographic coordinates) of the economic units, information not usually recorded 

in readily available data sources (and when available, its use is typically restricted by 

confidentiality, e.g. Guillain and Le Gallo, 2007; Kosfeld et al, 2009), therefore requiring collection 

in the field; and ii. the necessary numerical calculations are compex and labor-intensive, requiring 

the use of adequate specialized software (Mitchell, 2005). 

 

Methodologies for measuring agglomeration (dispersion) of firms in continuous spaces have relied 

primarily on functions derived from Ripley's K-function (Ripley, 1976), considered one of the most 

robust for simultaneously analyzing point patterns at various spatial scales (Bailey and Gatrell, 

1995; Mitchell, 2005). The K-function has been utilized for some time to analyze territory patterns 

for various types of natural phenomena (Getis and Franklin, 1987). It is more recently being tried 

for exploring the spatial behavior of social and economic phenomena at a regional scale (Duranton 

and Overman, 2005; Yamada and Thill, 2004) and, much less frequently, in intrametropolitan 

spaces (Cuthbert and Anderson, 2004; Garrocho et al, 2010; Myint, 2008). 
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In terms of the key localization factors for bank branches, it is accepted that their location strategy 

follows, in general, the same localization logic as other private services firms (Birkin et al, 2002). 

That is, banks recognize that the spatial distribution of their markets (i.e. their customers, their 

branches and competitors’ branches) is not homogeneous in the territory and therefore there are 

strategic locations in a city advantageous to their branches (Chang et al, 1997). Thus the challenge 

for banks in developing their location strategy is to identify these locations to maximize three key 

interrelated factors: i. access to potential customers; ii. sales of banking services; iii. overall bank 

earnings. The first factor is critical, as the other two factors depend on it (Beery, 2002). Therefore 

these key demand-related localization factors for bank branches are associated with certain key 

characteristics, including the spatial distribution both of the overall population and of the employed 

population. 

 

2. Methodology, Study Zone, Sources of Information and Analysis Software 

 

2.1.   Methodology 

The planar K-function was applied to reveal the location pattern of bank branches in the study area, 

that is, to establish if the pattern is predominantly agglomerated, dipersed or random. While the 

results showed a strong general tendency towards spatial agglomeration, the K-function does not 

produce information on whether this agglomeration is homogeneous across all branches of 

competing banking firms in the city, or if it is more or less intense between certain firms. Therefore 

to explore the spatial relationship between branches of different banks we estimated the Cross K-

function. We conclude that there are banking firms whose branches have higher spatial 

interrelationship. Having established the locational influence of supply, we proceeded to 

characterize the effects of demand in the spatial pattern of bank branches. We conducted a 

multivariate analysis in which the dependent variable was the accessibility of the bank branches to 

potential consumers (population and employment) and the independent variables were the principal 

characteristics of the demand, including its spatial distribution. The analysis results enabled us to 

identify the demand characteristics that most strongly influence the location of bank branches in the 

intrametropolitan space.  
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2.2. Study Zone 

The Toluca Metropolitan Area (TMA) is located a half hour from Mexico City, 40km to the 

southwest. It has an area of 269.6 square kilometers; its longest east-west axis measures 

31.6km and its north-south axis measures 21.1km. With a population of 1.6 million, it is one 

of the five largest cities in Mexico. The TMA is one of the most dynamic urban areas in the 

country and has undergone large-scale metropolitan growth. This growth has affected its urban 

structure, transforming the single-center city at the beginning of the 1980s to a huge multi-

centric metropolitan area at the start of the 21st century. In terms of the supply of banking 

services, by the end of 2009 ten banking firms were operating in the TMA with a total of 107 

branches (Figure 1). 

 

(Figure 1) 

 

2.3. Sources of Information and Analysis Software 

We obtained information on the location of bank branches from telephone directories and 

supplemented it with field data collected during 2009. We geographically referenced the bank 

branches with GPS instruments and integrated the data into ArcGIS, which facilitated 

management of the statistical and mapping data as well as the interface to Spatstat (Baddeley 

and Turner, 2005), the sofware utilized in our study to estimate both the Planar K-function and 

the Cross K-function. Spatsat automatically corrects for border effects in the study area. In 

addition, we utilized aerial photographs as supplementary mapping sources. 

 

 

3. Spatial Pattern of Bank Branches: Agglomerated, Dispersed or Random? 

 

3.1.   The Planar K-function 

The mathematical details of the planar K-function are widely reported in the international 

literature (i.e. Bailey and Gatrell, 1995; Diggle, 2003; Lu and Chen, 2006; Ripley, 1976; 

Ripley, 1981; Yamada and Thill, 2004; among many others). However, it is necessary to 

present its primary characteristics to clearly show the calculation method followed in this 

study. 
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Given a point distribution 

 

P = {p1,..., pn} in a specific area of study, the planar K-function 

compares the observed value of K at a certain distance (Kobs) with the expected value of K at 

the same distance. Thus, the expected planar K-function can be expressed as:  

 

 

K(r) =
1
λ

E
number of points in P

within a Euclidean distance r
from an arbitrary point in P

 

 

 
 
 

 

 

 
 
 
  (1) 

 
where: 
 

r:  distance at which K is calculated 

λ: estimate of the distribution of the density of points in P (i.e. number of 

points per unit area) 

E( ): expected point value.  

 
When the pattern of points follows a homogeneous Poisson process, that is, it has complete 

spatial randomness (CSR), the function can be expressed (Dixon, 2002; Okabe and Yamada, 

2001; Smith, 2009) as:  

 

 

K(r) = πr2    (2) 
 

For an observed set of n points, distributed over a region of area A the observed K-function 

takes the form:  

 
 

 

Kobs(r) =
1
′ λ n

ir (dij )
i≠ j
∑∑  (3) 

 
where: 

n:  number of points observed 
 
dij: Euclidean distance between points pi and pj 
 

 

Ir(dij ) =
1 if dij ≤ r
0 otherwise

 
 
 

 
 
 
     (4) 
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′ λ =
n
A

       (5) 

 
Substituting 

 

′ λ  into the formula Kobs  (3), Kobs (r) can be defined as 
 

 

Kobs(r) =
A
n2 ir(dij )

i≠ j
∑∑  (6) 

 
To simplify the calculations (Diggle, 2003), 

 

′ λ  can be redefined as 
 

 

′ λ =
n −1

A
    (7) 

 
which is practically the same as the previous definition of 

 

′ λ  for sufficiently large values of n, 

and therefore the function Kobs(r) can now be represented as: 

 

 

Kobs(r) =
A

n(n −1)
ir (dij )

i≠ j
∑∑    (8) 

 
Correction factors for border effects can be included as an additional term within the sums in 

equation (8) (Dixon, 2002). 

 
As the value of r increases to cover the entire distribution of points P in the study area, a series 

of values Kobs(r) can be obtained. These values can be graphed on the vertical axis of a 

Cartesian plane against values of r along the horizontal axis. Comparing the resulting curve for 

Kobs(r) against the curve for K(r), it is possible to determine whether the observed distribution 

of points P follows a clustered (agglomerated), dispersed or random pattern that is statistically 

significant on various spatial scales (Levine, 2004; Lu and Chen, 2006).  

 

3.2. Results of the Planar K-function 

To determine the upper and lower confidence limits for our sample of 107 bank branches, we 

followed the standard practice of conducting 999 Monte Carlo simulations to a maximum 

distance of 6.0km, the distance recommended to calculate the K-function for the given 

dimensions of the TMA, that is, about 0.25 of the maximum distance between the furthest 

points in the study area (Baddeley and Turner, 2005). We calculated the planar K-function for 

513 distance intervals (every 12 meters) and the results are shown on Figure 2. 
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(Figure 2) 

 

From Figure 2 it is clear that the spatial pattern of the banks is strongly agglomerated at any 

distance, since the observed K-function is above the upper confidence limit determined by the 

Monte Carlo simulations (the so-called theoretical K-function) for all values of r.  

 

To determine the maximum agglomeration distance as well as the agglomeration intensity we 

calculated three indicators that involve the relationship between the observed value and the 

upper confidence limit. Maximum agglomeration distance is obtained from equation (9) and is 

the distance at which the planar K-function reaches is maximum value (Duranton and 

Overman, 2006): 

 

   (9) 

 

Using equation (9) the maximum agglomeration distance of the bank branches occurs at 

5.2km. Figure 3 shows the results of the function M for all values of r. 

 

(Figure 3) 

 

A second way of calculating maximum agglomeration distances is via equation (10) (Kosfeld  

et al, 2009) which transforms the planar K-function into a standardized linear form with scaled 

variance, emphasizing the maximum local agglomeration: 

 

   (10) 

 

Results of the function (L’) are shown on Figure 4, where we can identify three agglomeration 

peaks, the highest of which occurs at 4.6km, the second highest at 2.5km and the third at 768 

meters. These results are interpreted to mean that the bank branches in the TMA are 

agglomerated at three scales: i. high local agglomeration, for example a number of branches 

on the same city block, street or shopping center; ii. agglomeration at the scale of a TMA 
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service subcenter; and iii. agglomeration at a metropolitan scale, where we record the 

maximum agglomeration levels. 

 

 (Figure 4) 

 

To determine agglomeration intensity at the distances of maximum agglomeration we 

calculated the Index of Concentration (IC) which calculates the excess of bank branches with 

respect to the upper confidence limit at a particular distance (Dixon 2002a; 2002b; Fajardo, et 

al, 2006), as shown in equation (11): 
 

    (11) 

 

Thus, at the distance of absolute maximum agglomeration we estimated an IC of 1.87, which 

means that at a distance of 5.2km we observe 87% more bank branches than we would expect 

with complete spatial randomness (CSR). Using the standardized indicator L’ we obtain an IC 

of 2.0 at 4.6km, an IC of 2.8 at 2.5km and an IC of 5.8 at 768 meters. These results 

demonstrate without a doubt the strong agglomeration of bank branches at all of the 

geographic scales in the intrametropolitan scale. 
 

 

4.  Co-Location of Bank Branches: Spatial Attraction, Rejection or Indifference Between 

Branches of Competing Firms? 

 

The planar K-function only considers location of each of the points and ignores any other 

relevant information about the points. However, when the points are not identical but instead 

have different attributes (e.g. bank branches belonging to different firms) it is possible to 

conduct multivariate analysis of the point patterns. Each distinct attribute associated with the 

coordinates of a point is called a mark (Dixon 2002a). The marks can be discrete (e.g. 

belonging or not to a certain banking firm) or continuous (e.g. number of teller stations or size 

of the service areas). When the point patterns have marks, the analysis can extend beyond the 
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general or univariate pattern characterization of the planar K-function, and examine if a spatial 

dependency exists between point patterns with different attributes (marks) (Rot, 2006).  

 

This can be done by applying the Cross K-function to evaluate the spatial relationship between 

units of different firms (e.g. branches of different banks), to see if they agglomerate, reject, or 

distribute themselves at random. In other words, the Cross K-function proves whether or not 

the spatial distribution of a set of points (e.g. branches of a particular bank) is related to the 

distribution of another set of points (e.g. branches of other banks) (Mynet, 2008). 

 

4.1. The Cross K-Function 

The formula for the univariate planar K-function can be extended to consider sets of points 

with different marks: given a universe of points P located within the same polygon, and two 

marks, i and j, which generate two subsets of points,  and ; the 

expected value of the cross K-function of i with respect to j is obtained via equation (12):  

 

 

Kij (r) =
1
λ j

E
number of points in Pj

within a Euclidean distance r
from an arbitrary point in Pi

 

 

 
  

 

 

 
  

   (12) 

 

where: 

 

:  distance at which  is calculated 

: estimate of the density distribution of points in  (i.e. number of points of 

type j per unit area) 

:  expected value of points 

 

If there are t sets of points, the number of K-functions that can be calculated is t2, that is, 

,  … . However, considering that the functions , 

…  are univariate K-functions that would not show dependency – and therefore 

are similar to the traditional planar K-function, and considering also that the function  is 
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equal to the function  (stationary spatial process without border-correction factors), the 

resulting number of K-functions to calculate is equal to   . 

 

Assuming independence, the expected theoretical value of the cross K-function is similar to 

that of equation (2), that is: 

   (13) 

 

As in the univariate function, the confidence levels for the cross K-function are obtained via 

Monte Carlo simulations, although this is complicated by the fact that the simulations must 

maintain a spatial pattern in each individual process, breaking any dependence between them. 

Thus, for an observed set of points with marks i and j distributed in a region with area A, the 

observed cross K-function takes the form:  
 

   (14) 

 

where: 

 

′ λ i ′ λ j : Density of points of type i and type j 

 

 

dik jl
: Distance between the k-th location of type i and the l-th location of type j 

 

 

I(dik jl
) =

1 if dik jl
< r

0 otherwise
 
 
 

 
 
 

    (15) 

 

The border correction factors can be included as an additional term within the sums in 

equation (14). 

 

Comparing the function  with the function  (theoretical) we can determine if there is 

special agglomeration, rejection or independence between sets of points with the marks i and j. 

The spatial pattern of points i and j are agglomerated if  is above the upper limit of 

significance of the theoretical K-function calculated via the Monte Carlo process. The sets of 
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points i and j are spatially independent if the function  is within the confidence levels of 

the theoretical K-function, and represent spatial rejection if the function  is below the 

lower limit of significance of the theoretical K-function. 
 

 

4.2. Results of the Cross K-Function 

We calculated cross K-functions for the five most important banks operating in the TMA 

(Table 1)2

 

 and the results are shown in Figure 5. 

(Table 1) 

 

 Given the relatively small number of branches per bank, the Monte Carlo simulations 

generated relatively broad significance bands. Nevertheless we can draw statistically reliable 

conclusions. 

 

(Figure 5) 

 

First, the results of the cross K-function show a clear tendency towards agglomeration, even 

when considering sets of bank branches differentiated by the banking firm to which they 

belong. This is consistent with results from the planar K-function, showing the same behavior 

for the entire group of bank branches. However, we notice certain behavior differences 

(Graphs 2 and 3).  

 

Banamex is the bank that tends to agglomerate the least with its competitors. Its average Index 

of Concentration is 1.36, implying that its branches are located with  more spatial 

independence than branches from the rest of the firms. This suggests that Banamex follows a 

location strategy with some tendency towards spatial rejection relative to branches of its 

competitors (especially with those of BBVA and Banorte, which comprise with Banamex the 

three most important banks in the TMA). 

                                                 
2 The five banks analyzed concentrate 83% of the branches they operate in the TMA; the rest of the banks 
have small presence in the zone (1 or 2 branches), for example Banjercito, IXE, Afirme, Banco del Bajio or  
ScotiaBank (with a presence of 7 branches). 
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(Table 2) 

(Table 3) 

The graphs in Figure 5 confirm the previous assertion, showing for example how Banamex 

avoids agglomerating at short distances from BBVA and Banorte, although the branches are 

spatially dependent at medium distances. This same behavior occurs between Banamex and 

the less important banking firms. Thus Banamex looks for locations that are independent from 

the rest of the firms, but are not too isolated. In general, Banamex will not locate a branch on 

the same block as its competitors, but will locate the branch in the same zone or 

intrametropolitan subcenter. 

 

In contrast, Santander, HSBC and Banorte had the highest average Indices of Concentration 

(1.53, 1.49 and 1.50 respectively), which implies that these firms tend to co-locate more 

readily with their competitors in the intrametropolitan space. BBVA had intermediate 

agglomeration with its competitors, with an Index of Concentration right at the average of 

1.45. 

 

The spatial relationship between pairs of banks contributes key information about their 

location patterns. Banamex and Banorte had the lowest index of spatial concentration and the 

longest agglomeration distance of all the firms (1.22). A value over 1.0 denotes a certain 

degree of attraction between this pair of banks, but it was the weakest among  pairs of firms 

considered. In contrast, Banorte and Santander had the highest Index of Concentration (1.72), 

followed by Banorte and HSBC (1.61).  

 

In light of the importance and level of experience of Banorte as compared to HSBC and 

Santander in the TMA, it’s possible to surmise that the latter two banks employ a “follow the 

leader” location strategy, even though this can lead to the so-called rational herding effect  

(Chang et al, 1997).3

                                                 
3 “The term rational-herding has been used to describe situations in which it is individually rational for agents/firms to mimic the 
actions of others even though such mimicry can potentially lead to aggregate outcomes that are sub-optimal” (Chang et al, 1997; p. 
2). 

  BBVA also shows a tendency to co-locate with competitors other than 
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Banamex, especially with Santander and HSBC, the two less important banks in the TMA. 

This seems to confirm the “follow the leader” location strategy. 

 

 

5. Demand as a Determinant of Location Strategy: Population and / or Employment?  

 

So far two conclusions emerge: i. banking services agglomerate in the territory of the TMA; 

and ii. some firms attract each other spatially more than others. But we haven’t related the 

spatial distribution of the supply with the location of the demand. This section does so, by 

examinining one of the key variables impacting not only the design of policies to combat 

unbanking but also the definition of a banking firm’s location strategy: accessibility (WB, 

2005). Accessibility is so important for bank branches in the TMA that more than 95% of 

them are located on the main roads of the city (Figure 1). However, the inherent tendency of 

the banking system to function in an agglomerated manner in the TMA acts as a detriment to 

accessibility for a large part of the potential demand. 

 

Before going any further, we must point out that accessibility of a service is very different than 

actual provision of the service. While service provision depends simply on the relative 

magnitude of supply and demand, accessibility also considers the spatial location of supply 

and demand (Unal et al., 2007). This is clearly the case in the TMA. Comparing the breadth of 

the TMA (270.0 km2) against the number of bank branches, we can conclude that the 107 

branches in the city are more than enough to cover the entire demand, with at least one branch 

every 1.0km. 

 

However, as we saw, the bank branches are not homogeneously distributed in the TMA, but 

rather they tend to agglomerate in the intrametropolitan space. Therefore, there must be 

differences of accessibility to banking services in the TMA, and to explain these differences 

we must look beyond service provision, to the location strategy of the banks (Chang et al, 

1997).  
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To explore the determinants of location strategy for bank branches as related to demand, we 

conducted a multiple linear correlation analysis, where the dependent variable was the accessibility 

of each AGEB (Area Geoestadística Básica, or Basic Geostatistical Area, the smallest spatial unit 

reported in the census in Mexico) to the bank branches, estimated via a gravity accessibility index 

in the following manner (Bath et al, 2002): 

 

 

Ii =
S j

Otot

 

 
 

 

 
 Cij

−b

j∑     (16) 

 

where Sj is the service supply in the service unit “j” (as defined by the number of teller stations in 

each bank branch, rather than by using the branch size); Otot is the population demanding banking 

services in the study zone (total and employed population in each AGEB); Cij are the transportation 

costs between the origin i (the centroid of each AGEB) and the destination bank branch j; and –b is 

the friction parameter of the distance.  

 

The independent variables were population (where population lives) and employment (where 

population works). The population variables were: i. population earning from two to five times 

minimum salary; ii. population earning over five times minimum salary; iii. total population 15 

years and older. The employment variables correspond to 19 of the 20 sectors defined in the North 

American Industry Classification System (wich is used by Mexico, Canada and the United States). 

The agricultural sector was not included because it is not significant in the TMA. 

 

To identify the variables most closely associated with the changes in accessibility to the bank 

branch system, the Stepwise method was utilized. We calcualted the correlation coefficients 

(adjusted R2) and the partial coefficients, both standardized and non-standardized, for each variable 

selected in the final model. The following tests were conducted to ensure the significance of the 

results and prevent colinearity between the independent variables: correlations between the 

independent variables, variance analysis (ANOVA), F and t tests, and calculation of both Tolerance 

and Variance Inflation Factors (VIF) for each estimated model. The statistical package used was 

SPSS. 
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5.1. Results and Interpretation 

The variables statistically most strongly correlated with accessibility to the banking system in the 

TMA are, in order of importance:4

 

 i. Government Activities (0.345); ii. Population with Income 

above Five Times Minimum Salary (0.339); iii. Total Population 15 years and older (-0.303); iv. 

Other Services Excluding Government Activities (0.277); and v. Retail Commerce (0.146). 

Together these variables explained 0.625 (Adjusted R2) of the behavior of accessibility to the city’s 

banking system. The only independent variable with a negative value was Total Population 15 

years and older. This can be explained, since the larger the total population, the larger the low 

income segment (the direct correlation between these two variables is 0.851) and therefore, the 

lower the interest on the part of bank branches to locate in these low income spatial markets. The 

other variables all had positive values. 

The correlation between accessibility to bank branches and the presence of government activity can 

be explained in two primary ways: a. public sector entities are intensive users of banking services; 

and b. a large proportion of state and local government offices is located in the central business 

district (agglomerated around the state government house and municipal headquarters, historically 

located in the center of town in Mexican cities). This area also provides advantages to bank 

branches for coming into contact with the rest of the demand in the city. Likewise, it is easy to 

understand the correlation between accessibility to bank branches and the high-income population, 

which constitutes, along with the employed population, a strategic market segment due to their high 

demand for banking services. 

 

The other two variables with positive correlation are very interesting, because this correlation can 

be greatly explained by the economic characteristics of the TMA and by the new location patterns 

of the retail business sector. Thus the variable Other Services Excluding Government Activities 

likely turns out to be significant because it includes the subsegment Repair and Maintenance 

Services, a very strong economic activity in the city, especially as it relates to trucks, cars and 

agricultural, industrial, commercial and service equipment. Finally, the variable Retail Commerce 

                                                 
4  The order of importance was determined according to the Standardized Beta Coefficients, which coincided with the 
Non-Standardized Beta Coefficients (the latter are shown between the parentheses). 



20 
 

is correlated with accessibility to bank branches because it includes the subsegment Retail 

Commerce in Self-Service and Department Stores, which not only has enjoyed very fast growth in 

the TMA in recent years, but also because the new resulting strategies of spatial organization of 

retailing in the city (shopping centers and business centers, for instance) provide location options 

highly valued by bank branches (in 2009, 17 bank branches, 16% of the total, were located in 

shopping and business centers). Additionally, this new retailing formats includes a variety of 

business activities that not only make extensive use of banking services but require to be highly 

accessible to their potential demand, which coincides with the interests of banking firms. 

 

Thus, from the demand side, the results of the multiple correlation analysis shows that access to the 

employed population (especially government employees and workers in key private sector 

activities) as well as access to the high-income population, are at the heart of bank branch location 

strategies. 

 

 

6. Conclusions 

 

The evidence from our application of the planar K-function clearly shows the tendency of bank 

branches to agglomerate within the TMA at any scale of observation. In contrast, results from our 

estimation of the cross K-function also clearly show that not all banks attract each other equally in 

the intrametropolitan space. Some banks strongly attract each other while others less so, adopting to 

some degree a “follow the leader” strategy. 

 

In other words, in most cases wherever one branch is located another branch will co-locate with it. 

This spatial behavior necessarily implies unequal accessibility of banking services within the TMA, 

which can worsen, at least partially, the unbanking of the population, micro-enterprises and small 

business. While the specific reasons for spatial agglomeration of bank branches is part of the 

carefully guarded internal know-how of banking firms (Chang et al, 1997), for the TMA we can 

propose additionally the following explanations: i. bank branches achieve economies of 

agglomeration, enabling them to lower customer costs of finding and obtaining banking services; ii. 

agglomeration economies for bank branches also include the ability to share services and costs, in 
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increasingly frequent cases of agglomeration in shopping and business centers (e.g. security, 

exterior maintenace, lighting); iii. agglomeration is also a result of “follow the leader” location 

strategies, enabling smaller firms to take advantage of the experience, know-how and decision-

making capability of the leaders (which can in turn create a spatial rational herding effect); and iv. 

demand for banking services is agglomerated in the territory, causing firms to prioritize location 

decisions that maximize their access to strategic demand segments: a. government employees and 

workers in key private sector activities and b. the high-income population. 
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Figure 1. Study area: bank branches and main streets, 2009 
 

 
 

 
 

Figure 2. K-planar Function 
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Figure 3. “M” Index 
 

 
 

Figure 4. L’ Function 
 

 
 
 

Figure 5. Dependency Pattern Between Banks in the TMA (Cross K-function) 
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• Agglomeration at all 

distances. 
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independence from 
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dependency at 

smaller distances. 

 

• Agglomeration, 

particularly from 

2.0km. 

0

50000000

100000000

150000000

200000000

250000000

0 1000 2000 3000 4000 5000 6000 7000

K(
r)

r(metros)

Santander-BANCOMER

obs teo li ls

0

50000000

100000000

150000000

200000000

250000000

0 1000 2000 3000 4000 5000 6000 7000

K(
r)

metros(r)

HSBC-BANAMEX

obs teo li ls

0

50000000

100000000

150000000

200000000

250000000

0 1000 2000 3000 4000 5000 6000 7000

K(
r)

r(metros)

HSBC-BANORTE

obs teo li ls



32 
 

 

• Agglomeration with 

tendency to 

independence from 

5.8km. 

 

• Slight agglomeration 

with tendency to 

independence from 

5.8km. 
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200 meters. 
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Table 1. Bank branches in the MAT, 2009 
 

Bank Number of  
Branches 

% 

Banamex 22 10.6 
   Banorte 19 17.8 
BBVA 19 17.8 
HSBC 15 14.0 
Santander 14 13.1 
Otros 18 16.7 
Total 107 100.0 

 

 
 
 

Table 2. Distance of maximum agglomeration (Km) 

      Banks Banamex BBVA Banorte HSBC Santander 
Banamex -- 4.5 5 3.9 5 

BBVA 4.5 -- 5 4.6 4.4 
Banorte 5 5 -- 4.4 3.6 

HSBC 3.9 4.6 4.4 -- 4.6 
Santander 5 4.4 3.6 4.6 -- 

 
 
 

Table 3. Concentration Index at distance of maximum agglomeration 
 

Banks Banamex BBVA Banorte HSBC Santander 
Banamex -- 1.37 1.22 1.47 1.41 

BBVA 1.37 -- 1.44 1.45 1.55 
Banorte 1.22 1.45 -- 1.61 1.72 

HSBC 1.47 1.45 1.61 -- 1.45 
Santander 1.41 1.55 1.72 1.45 -- 

Sum 5.47 5.82 6.00 5.98 6.13 
Average 1.368 1.455 1.500 1.495 1.533 

 


