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Self-employment in Mexico City is an interesting case to study when 
considering network contagion. The figures of  self-employment in Mexico 
City are ostensible larger than those in developed countries,1 and self-
employment activities in Mexico City are more closely related to informal 
economy and poverty. Several hypotheses have been advanced to explain 
this phenomenon. One set of  traditional theories focus on what is called 
a segmented labor market or the presence of  disguised unemployment in 
developing countries. In contrast, other studies rely on the empirical evidence 
of  an important mobility between self-employment and other labor market 
sectors. These debates suggest that the central issue in self-employment is 
that entry-exit decisions are not only determined by external labor markets 
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(or price mechanisms) but also by internal labor markets where the social 
context (and institutions) can play a decisive role. Nevertheless, researchers 
have not explored if  mechanisms of  contagion through social networks operate 
in self-employment activity dynamics in developing countries. This paper 
fills in this gap by studying whether mechanisms of  contagion through 
neighborhoods are operating in self-employment activities in Mexico City. 
The research uses a census tract based model that incorporates the effects 
of  social interactions on the rate of  self-employment. 

S���-���������� ��� ������ ��������� 

The standard literature of  self-employment has been dominated by an external 
labor market approach. In the late seventies, Lucas (1978) formulated a 
model of  self-employment in which individuals with higher entrepreneurial 
productivity (read as ability) are more likely to start their own firms. Since 
then, a literature that stresses that the conditions of  entry are determined by 
liquidity constraints and assets has become the standard to understand self-
employment in developed countries. Recently, some empirical studies have 
applied the standard theory of  entrepreneurship to developing countries. 
For example, Maloney (2004) claims that self-employment in developing 
countries displays more similarities with the “voluntary” entrepreneurial 
small firms of  advanced countries than with the profile of  disadvantage 
that the traditional literature of  informality (see below) in developing 
countries portrays about self-employment.2 Moreover, this empirical 
literature emphasizes that self-employment is “voluntary” and reflects best 
decisions given the strong constraints that individuals face in developing 
countries (Ibid.).

In contrast to the standard literature, Eatwell (1997), along Joan 
Robinson’s lines, called self-employment activities in developing countries as 
“disguised unemployment”; he considers that such activities reflect low levels 

2 This line of  thought is not so far from that delineated in De Soto (1989). 
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of  effective demand in a context of  absence of  long-term unemployment 
benefits that makes the low unemployment rate experienced in such countries 
illusory.3 The phenomenon of  self-employment in such countries is also 
linked to the dual hypothesis of  the labor market that argues that there is a 
secondary sector with low wages and social security unprotected that absorbs 
the poor and disadvantage (Piore, 1979).4 Nevertheless, empirical studies 
using panel data in Mexico and other countries in Latin America suggest that 
there is an important flow between formal and informal activities. People 
who decide to enter into self-employment activities are not only leaving 
unemployment conditions; most are leaving the formal sector or small-
medium firms (Maloney, 2004; Calderón-Madrid, 2000). 

It can be also argued that self-employment in developing countries acts 
as a cyclical buffer over business cycles (Galli and Kucera, 2003).5 Data 
in Mexico runs along this hypothesis: the self-employment rate increased 
significantly during and after the 1995 crisis while formal employment suffers 
a decline (Calderón-Madrid, 2000).

Exploring the determinants of  entry to self-employment activities 
must also include other categories of  determination that go beyond the 
ones traditionally used by an external market perspective. Recent efforts to 
bring the standard entrepreneurial approach to developing countries have 
not taken into account the possible effects of  social interactions (Maloney, 
2004; Woodruff, 1999) even when sociological and anthropological literature 
about informality in developing countries consider social networks (and 
social capital) important components. From our perspective, the hypothesis 
that social interactions affect self-employment is even more appealing in 
contexts where informality and poverty are extreme. 

3 The official unemployment urban rate in Mexico is between 2 and 3 per cent. 
4 Another common reference with dualistic or segmented labor markets is the so called Harris-
Todaro model (1970) for developing countries that is built up through considering wage differentials 
between sectors. 
5 The main point is that movements of  informal employment are countercyclical: it increases in 
downturns absorbing workers form formal sector and decreases in upturns.
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For example, panel data from Mexico (1998-1999) indicates that the 
mobility of  persons between small firms is significant (Salas, 2003); in 
particular, the probability of  a person leaving a small firm (2-5 workers) 
to experience self-employment is very high (0.43), while the probability to 
stay in self-employment activities is higher (80%) as observed when people 
are working in the largest firms (of  more than 101 workers). This situation 
can be indicative of  the impact of  social interactions in producing self-
reinforcing effects in each sector. It is reasonable to advance the hypothesis 
that people working in small units can be subject to social influence (and 
also skill formation) by their bosses such that it increases their odds to 
become self-employed, while individuals working in larger firms can make 
use of  their social networks obtained on the job such that should they be 
fired or desire to look for another job, they would most likely transfer to 
another similarly sized firm.

N������� ��� �������� ����� ������� 

A literature in mainstream economics has emerged in recent years showing 
that social networks are important elements to determine employment and 
wage inequality. Examples are the studies of  Topa (2001), who analyzes 
network effects on employment through physical distances, Arrow and 
Borzekowski (2004), who study the role of  network connections in wage 
inequality, and Calvó-Armengol and Jackson (2004), who emphasize how 
network structures affect the dynamics of  job acquisition and inequality. 

However, this new social interaction literature in economics has not yet 
motivated further studies that analyze the phenomenon of  self-employment. 
In contrast, sociological studies have provided better avenues in thinking 
about the relevance of  social networks for entry in self-employment activities 
(Granovetter, 1995). Along these lines, empirical studies of  the economic 
sociology of  immigration have suggested that human and financial capital, 
as vindicated by the standard economic approach, are not enough to explain 
entrepreneurship in immigrants where the group of  economics actors are 
culturally heterogeneous (Light and Rosenstein, 1995). Moreover, criticisms 
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can also be found in recent empirical studies in economics that show that the 
relationship between wealth and entry into entrepreneurship is weak, which 
differs from the standard economic belief  (Hurst and Lusardi, 2004).

In an empirical study, Giannetti and Simonov (2004) investigate the 
strong correlation between individual and aggregate self-employment choices 
in Sweden and conclude that social norms are important determinants of  
the entrepreneurial activity. This is an important proposition because it 
brings to the discussion the hypothesis that self-employment might also be 
subject to contagion. Social norms which are disseminated through social 
networks are providing information or market tips to economic agents. In 
a broader sense, social norms are also part of  the social capital category used 
by sociologists (Portes and Landolt, 2000). Given all the possible benefits that 
potential entrepreneurs can obtain from social networks, we can suggest 
that self-employment decisions are subject to strong peer group effects 
because such effects provide increasing returns to economic agents (read 
it as “utility” or general benefits). More importantly, if  these interaction 
mechanisms exist, then it is possible to link a narrative of  skill (or human 
capital) formation that is taking place locally and that can contribute to 
inequality in growth (Semmler, 2003). 

Social influence can be an important variable to look at when the 
determinants of  entry/exit to self-employment in developing countries are 
studied. Self-employment activities in developing countries can be strongly 
influenced by formal and informal institutional channels (De Soto, 1989; 
Galli and Kucera, 2003). The networks (formal and informal) that can 
influence the growth of  self-employment activities may well represent local 
forces (peer group in the neighborhood, local street leaders, etc.) and also 
policy programs that provide a global perspective about the relevance of  
such activities.6 To my knowledge, no study has explored the idea that self-
employment in developing countries can be subject to contagion dynamics. 

6 For example, President Fox of  Mexico (2000-2006) promoted self-employment activities 
(“changarros”) among the poor and lower middle-class.
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This paper contributes to filling in this gap by exploring a model of  social 
interactions that explain the determinants of  entry to self-employment at 
census tract level. 

S������ �������� �� ����-���������� 
�� M����� C���

It is important to have some empirical facts in order to advance a social 
contagion hypothesis. The existence of  spatial agglomerations of  self-
employment activities are the stylized facts to justify that self-employment 
activities can be subject to network contagion. The purpose of  the next 
section is to provide such spatial facts about self-employment through 
considering the Mexico City case. The next section uses the measure of  
spatial autocorrelation of  a set of  spatial features (i.e. census tract) to 
address empirically this issue. Spatial autocorrelation is a measure of  the 
degree of  dependency among spatial units and their associated data, and 
it is commonly related to the first law of  geography that establishes “that 
everything is related to everything else, but near things are more related 
than distant things” (Tobler, 1970). The literature of  spatial statistics has 
developed some spatial autocorrelation statistics, and this research relies 
specifically on one of  them, the Moran´s Index and in its local version.7

S������ ��������������� �� ��� ���� 
�� ����-���������� �� M����� C��� 

Self-employment activities increased during the nineties in Mexico City.8 
The rate of  self-employment in Mexico City increased from 15.7 percent 
in 1990 to 19.56 percent in the year 2000.9 

7 See appendix for details. 
8 In this research only the part of  the city that corresponds to the capital of  the country is considered, 
that is, the Distrito Federal (DF).
9 The self-employment rate is defined as the percentage of  self-employed persons (working alone) 
over the population economically active (labor force). The population economically active is defined 
as the population over 12 years old that worked or sought job during the week of  the interview. 
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F����� 1
Moran’s Index of the self-employment rate in Mexico City

Note: * two observations excluded.

Figure 1, shows the correlogram of  the Moran’s Index of  the rate of  
self-employment in Mexico City in 1990 and 2000 respectively at census 
tract level using different band distances. Significant and positive spatial 
autocorrelation is present in both years in any of  the band distances.10 
The global spatial autocorrelation is less strong in 2000 than in 1990, this 
situation contrasts to the fact that the self-employment rate increased during 
the period analyzed. A reason for that might be that the area became more 
homogenous in the sense that local spatial disparities in self-employment 
were less intense in 2000. However, this cannot be inferred from Moran’s 
Index because it is a global measurement that does not reflect local spots 
of  spatial autocorrelation.
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10 All indexes are pseudo-significant: p < 0.01, inference based on 999 permutations. 
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In order to have a better picture about local changes, the Local Indicators 
of  Spatial Autocorrelation (LISA) were calculated at census tract level (see 
appendix for technical details). Figures 2, are the LISA maps of  Mexico City 
for 1990 and 2000 respectively. The maps just highlight the clusters that are 
(pseudo) significant (p < 0.05) as indicated by random permutations. In the 
calculations, I use a band distance of  1 500 meters to construct the relevant 
physical distance network structure of  the census tracts. 

From figure 2, it can be appreciated that Mexico City depicts, broadly 
speaking, a spatial polarization in the rate of  self-employment that evolved 
during the nineties. In 1990, there was a clear city division between west 
and east that defined the type of  cluster formation: High-High census 
tracts were localized in the west side of  the city (i.e., a census tract with an 
above average self-employment rate surrounded by census tract with above 
average self-employment), while Low-Low census tract were situated in the 
west side of  the city in 1990 (i.e., a census tract below average surrounded 
by census tracts below average). In 2000, the city does not depict a strong 
west versus east division as in 1990. Exploration of  the spatial data detects 
the following local changes: a) a strong High-High cluster in the south west 
in 1990 located in the Iztapalapa area, which is populated by blue-collar 
families, reduced substantially its cluster size in 2000; b) an important Low-
Low cluster in the south west in 1990 that is localized in a middle class region 
practically vanishes from the picture in 2000. These changes by themselves 
can account for much of  the reduction in the global spatial autocorrelation. 
That is, even though the rate of  self-employment increased almost five 
points in the whole region, it seems that the spatial polarization is reduced 
at the same time. Nevertheless, strong spatial clusters remain in both years. 
A High-High cluster localized in downtown and a Low-Low cluster in the 
Northwest remain as important areas that exhibit significant spatial local 
autocorrelation. Interestingly, downtown High-High cluster spread toward 
Southwest in 2000 reaching middle class zones that were characterized by 
having Low-Low spots in 1990. This generated the emergence of  a Low-
High new region of  spatial autocorrelation (i.e., a census tract with below 
average self-employment rate surrounded by census tract with above average 
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self-employment). This situation opens the possibility to think that a possible 
process of  diffusion might have taken place in that region.11 

As indicated above, in the center of  the city (downtown) there is an 
important cluster of  spatial autocorrelation where rates of  self-employment 
are quite above the average of  the city (High-High census tracts). This area 
(historic downtown) is characterized by the presence of  a strong informal 
economy (street peddlers) and has a rich tradition of  small entrepreneurial 
activities in the service sector. Next, I will focus on this area.

Downtown area contains 299 census tracts and the average population 
per census tract in 2000 is 3428 habitants, while the average labor force 
per census tract is 1 504 persons. Table 1, displays the statistics of  self-
employment of  the region and these are compared with those observed 
in the whole city. Note that the rate of  self-employment is quite similar to 
that registered in the whole city either in 1990 or 2000; the Moran’s Index 
in 1990 is also similar.12 But note that by 2000, the global indicator of  spatial 
autocorrelation is larger in downtown than in the whole city; in other words, 
contrary to what happens in the whole city, the global spatial autocorrelation 
observed in downtown remains steady. 

Figure 3 shows the LISA maps in 1990 and 2000 for the region studied 
using 1.4 km of  distance. The main element in both figures is a strong 
division between a zone with High-High census tracts and a zone with Low-
Low census tracts. Some of  the highest growths in the self-employment 
rate are in the High-High cluster. This suggests, under a social contagion 
hypothesis, that the cluster is experiencing a positive feedback of  increasing 
self-employment due to local interaction. Unfortunately, diffusion toward 
other areas is not perceived in the figure because the empirical analysis is 
restricted to downtown, but the High-High cluster extends Southwest (for 

11 It is part of  the popular wisdom that the crisis of  1995 in Mexico (an in general the poor economic 
performance in Mexico during the 1990s) strongly impacted the middle-class. At least the aggregate 
data of  this research suggests that middle-class zones started to be more engaged in self-employed 
activities. Moreover, the results run along the buffer hypothesis that indicates that self-employment 
is countercyclical. 
12 In 1.5 km the Moran’s Index diminishes in downtown because the area analyzed is much smaller. 
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details, see figure 2). It is true that the polarization looks stronger in 1990 
than in 2000, but the landscape in 2000 remains divided, even when the 
self-employment rate grows globally in the region. 

T���� 1
Global spatial autocorrelation of self-employment 
in Mexico City and downtown
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1990 15.65 17.28 0.4378 0.417 0.3626 0.3727 0.3685 0.2713

2000 19.56 20.30 0.2786 0.4284 0.2525 0.3816 0.2046 0.2785

Notes: Downtown E(I) = –0.0034; all Moran’s Index with pseudo p-values < 0.05.

In the following section, I will introduce two models of  social interaction 
that can explain the formation of  spatial clusters in self-employment 
activities. Likewise, the models will be implemented empirically in the final 
sections of  this essay through spatial econometrics and the framework of  
a census-tract model that combines Geographic Information Systems (GIS) 
and simulation. 

A ������ ����� �� ������ ������������ 
�� ������ ����� �����

Two different model specifications to study social interactions in self-
employment decisions are studied: model A that considers simple “imitation” 
and model B that introduces a threshold rule. These two models are built 
up from the next relationship: self-employment in a census tract i (Si) is a 
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function of  the following variables: a) local information of  the rate of  self-
employment of  the neighbors (Sj) that are located inside a radius of  distance 
(R) from census tract i; and b) a vector of  own characteristics of  census 
tract i (Xi):

Si = f(Sj≠i:║ j–i║≤R, Xi)

If  we follow the idea of  a spatial reaction function (Brueckner, 2003), we have 
an interpretation of  [1] as a solution of  a maximization problem at census 
tract level. Suppose that each census tract has the objective function:

U(Si, Sj≠i:║ j–i║≤R, Xi)

Therefore, each census tract i chooses the level of  self-employment that 
maximizes equation [2] so that, Si ≡ ∂U/∂Si = 0, which solution is equation 
[1]. Each census tract i chooses the best response given both its own 
characteristics (that define its preferences) and the choices of  the other census 
tracts. It can be assumed that each census tract is a representative agent. I will 
work with a linear specification of  relationship [1]. I consider that the rate 
of  self-employment in the census tract is a continuous variable in the range 
[0, 1] and that each census tract i is a representative economic agent. Social 
interactions are implemented by using the average rate of  self-employment 
that it is observed in the census tract neighbors that are within a radius of  
distance. Model A considers “imitation” through conforming to the average 
rate of  self-employment in the neighborhood. 

Si 
t      +1* = k + ΓXi 

t    
 + λ     Sj

t   
≠ i:j−i   ≤ R

1
ni

if  0 ≤ Si
t+1* ≤ 100, Si

t+1 = Si
t+1*

if  Si
t+1* < 0,  Si

t+1 = 0
if  Si

t+1* > 100,  Si
t+1 = 100

[1]

[2]

[A]
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Where S is the rate of  self-employment in census tract i, k is a constant, Γ is 
a vector of  parameters associated to own characteristic variables of  census 
tract i (education, sex, age, % of  computers, etc.) and λ is the parameter 
associated to the rate of  self-employment of  the census tracts j’s that are the 
neighbors of  census tract i. Neighbors ni are defined as those census tract 
j that are located inside a radius of  distance R from i, the distance is taken 
from the centroid of  the polygon representing the census tract. Note that 
when k = 0 and Γ = 0, the level of  self-employment only depends on social 
interactions; when λ = 1, we have a case of  strict “imitation” (replicating 
the average rate of  self-employment of  the neighborhood). Equation [A] 
is complemented by an error term per census tract. This implies that each 
time that a census tract reviews its rate of  self-employment, a small ε exists 
such that a census tract i also considers other reasons than those that are 
explicit in the equation (the error accounts for unobservable).13 In contrast, 
in model B social interaction effects on self-employment are determined by 
threshold dynamics.14 Model B has two different laws of  motion: 

 k + ΓXi 
t    
 + λ     Sj

t   
≠ i:j−i   ≤ R

 k + ΓXi 
t                 otherwise

1
niSi 

t      +1* =
if       Sj

t   
≠ i:j−i   ≤ R ≥               S1

t   1
ni

1
N −1

where N is the total number of  census tracts.

13 In the econometric literature of  social interaction, equations that are similar to [A] can be found 
in Topa (2001) (implemented also at census tract level) and in Glaeser, Sacerdote and Scheinkman 
(2003), who treat the relationship at the individual level in a cross section setting and where the 
social interaction refers to an aggregate of  a reference group instead of  an aggregate given by physical 
distance like in this case.
14 Thresholds models, where collective behavior becomes influential in individual decisions only if  a 
certain value (or level of  tolerance) is surpassed, have been proposed to analyze a wide variety of  social 
phenomena such as social revolts, residential segregation, informational cascades, etc. (Schelling, 1978; 
Granovetter, 1978). This type of  modeling in the context of  self-employment could take into account 
the costs associated to the perception that many (or few people) are enrolled in self-employed activities. 
Likewise, another important justification of  proposing a threshold model in self-employment (that is 
not restrictive to developing countries) is related to the thresholds models of  skill formation that have 
been proposed to explain locally increasing returns in growth theory (Semmler, 2003). 

[B]
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if  0 ≤ Si
t+1* ≤ 100, Si

t+1 = Si
t+1*

if  Si
t+1* < 0,  Si

t+1 = 0
if  Si

t+1* > 100,  Si
t+1 = 100

Model B assumes that the underlying agents located in a census tract have a 
common perception that indicates that if  the local rate of  self-employment 
(neighborhood) is greater or equal than the global rate of  self-employment (in 
the region), that would be enough to drastically increase the benefits for being 
engaged in self-employed activities. I assume that at each period, the global 
rate of  self-employment is known (let us say that economic reports or local 
institutions make this information available). Each census tract i compares the 
global rate of  self-employment with the rate of  self-employment of  its census 
tract neighbors and, if  the rate of  self-employment of  the neighborhood is 
greater or equal than the global indicator, the census tract takes into account 
the rate of  self-employment of  its neighborhood; otherwise, the census tract 
updates its rate of  self-employment without considering the rate of  self-
employment of  the network. Equations [A] and [B] allow the introduction 
of  two types of  heterogeneity. First, both equations take into account census 
tract characteristics (such as sex, education, age, etc.). Secondly, specific spatial 
location of  the census tract (the centroid of  the polygon) and the radius of  
interaction among census tracts are the basic components of  the physical 
network, which in the real world tends to be heterogeneous between census 
tracts. Geographic information systems provides data (Instituto Nacional de 
Estadística, Geografía e Informática, INEGI), to study empirically equations [A] 
and [B]. In particular, if  equations [A] and [B] are considered simultaneously, 
a spatial econometric implementation exists using a Simultaneous Spatial 
Autoregressive (SAR) parametric framework. In particular, a spatial lag model 
coincides with model A in a cross section setting (Anselin, 2001, 2002): 

S = λWS + XΓ + u = (1 – λW)–1 XΓ + (1 – λW)–1u

W is a weighting matrix (n x n) that formalizes the network structure and 
u is a vector of  random errors, S is an n by 1 vector of  self-employment rate 

[3]
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observations, X is an n by k matrix of  observations on the exogenous variables 
(i.e. census tract characteristics). Each element of  W is row standardized 
such that Σj wij = 1, in that way premultiplying the vector of  observations 
of  neighbors (self-employment rate) by W corresponds to an averaging of  
the neighborhood values; in other words, equation [3] is a specification 
of  “imitation” like in model A (but without subscript t).15 Model B can have 
also an econometric implementation (at cross section level) with a spatial 
lag model (equation [3]). This can be done with restricting neighbors not 
only to distance but also when the average level of  self-employment of  the 
neighborhood is equal or greater than the aggregate level of  the region.  
The neighborhood structure can be reproduced in the W matrix of  equation 
[3]: the only difference (with respect to the model of  imitation) is that census 
tract j takes a value of  zero in W when the average rate of  employment of  the 
neighborhood is below the value of  the aggregate rate of  self-employment 
in the whole region considered.16 

Due to econometric reasons that are considered in the next section, it is 
important to mention at this point, that the SAR framework has also another 
model in which the spatial dependence is incorporated in the error instead 
of  the spatial lag variable as in equation [3]. If  this were the case, the error 
in a linear specification to explain self  employment rate could take the form 
of  the following autoregressive model error:

S = XΓ + u and u = ϕWu + ε = (I – ϕW)–1u

where ε is a vector of  i.i.d errors with variance σ2 and, W, S have the same 
characteristics than in the equation [3].

The differences on both models are apparent and, it is clear that the 
hypothesis of  social interaction (imitation) only can be recovered in the spatial 

15 Note that in equation [3], ∂Si/∂ Sj = λW, which corresponds to the second partial derivative of  
equation [1].
16 There is a cost in doing this and it is that the W matrix generates necessarily ‘islands’ (zero rows); 
this can complicate inferential procedures (Anselin, 2002). 

[4]
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implementation of  equation [3] where the spatial effect is incorporated in 
the spatial lag variable.

S������ ����������� �������������� 
�� ��� ������ (�������� ����)

In the last section, it was mentioned that the spatial lag model (equation [3]) 
can be considered as an econometric implementation of  model A or B using 
cross section data. Consequently, equilibrium must be assumed when cross 
section data is used. In implementing the model, I have paid special attention 
to the exogenous variables: that is, the own characteristics of  the census tract 
(vector X of  observables in model A or B). Many variables associated to 
theories of  self- employment mentioned before are considered. For example, 
I consider the percentage of  the population per census tract that occupied 
their own house as proxy of  assets.17 In the same way, the percentage of  the 
population between 20-24 years old (young people) and the percentage of  
the population between 60-64 years old (old people) are used as proxies 
of  the risk aversion hypothesis: less “risk averse” individuals are likely to 
become entrepreneurs and more “risk averse” are likely to become workers 
(Parker, 2004). To account for the quintessential determinants of  the external 
labor market, I consider the average years of  education for people over 15 
years old per census tract and also the percentage of  households that have 
computers as a proxy of  human capital. Of  course, these last variables bring 
supply and demand effects of  the labor market into the setting. Along with 
the literature that evaluates self-employment as disguised unemployment, I 
use a rate of  economic dependency that indicates the number of  children 
(between 0 to 14 years old) and older people (above 65 years old) for each 
one hundred economically active persons (people between 15 to 64 years 
old). Finally, I consider “the percentage of  population who were living in 
the city 5 years ago” as a variable that indirectly can control for some of  the 

17 The central issue in the standard theory of  entrepreneurship is that individuals with greater assets 
are more likely to become self-employers (Evans and Jonavovic, 1989).
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effects of  sorting.18 It is important for the reader to remember that the data 
used for the self-employment variable in this research corresponds only 
to self-employed people working alone.19 All the mentioned variables are 
complemented by the social interaction variable that is the spatial lag variable 
in equation [3]: the rate of  self-employment in each of  the census tracts 
that are considered as neighbors (a distance criterion defines neighbors). 
The descriptive statistics of  the mentioned variables in 2000 are displayed in  
table 2. As it is indicated above, all the variables except years of  education and 
economic dependency represent percentages with respect to the population 
in the census tract. 

Table 2 presents the mean and deviation of  299 census tract observations 
for downtown. In the third and fourth column of  table 2, a join skewness/
kurtosis test for normality (an alternative to the Jarque-Bera test) is also 
presented (see D’Agostino et al., 1990). This test is known to follow a χ2 
distribution with two degrees of  freedom, and under the null hypothesis 
of  normality, the expected value of  the statistic is two. The results indicate 
clearly that all variables are far from being normally distributed (non-
normality persist even when performing nonlinear transformations). The 
implications of  this will be mentioned ahead. 

If  λ = 0 in the spatial lag model (see equation [3]), the econometric 
implementation of  the models is reduced to an Ordinary Least Squares (OLS) 
estimation.

However, a previous section shows that the Moran’s Index of  the self-
employment rate in the area studied presents significant spatial autocorrelation; 
OLS estimation can be affected by this situation.20 Figure 4, shows the Moran’s 
Index correlogram of  the self-employment rate and the Moran’s Index of  
the OLS’s residuals in different band distance. 

18 Family income was excluded because it is not a census tract characteristic that can be considered 
exogenous like the other variables in the specification.
19 With this regard, Woodruff  (1999), in a working paper, has suggested that the determinants of  
self-employment in Mexico differ between a self-employer working alone and those with workers 
(or employers). The latter are the only ones that tend to behave along the lines of  the theories of  
self-employment proposed in developed countries. 
20 OLS produce biased and inconsistent estimations.
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F����� 4
Moran’s Index correlogram of the self-employment 
rate and ��� residuals
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As expected, spatial autocorrelation is statistically significant also in the 
residuals of  the OLS regression (the regression without the lag variable). 
Note that the spatial autocorrelation is a monotonically decreasing function 
of  physical distance. This situation alone could justify the use of  a spatial 
lag model (equation [3]), however, the Moran’s Index is also robust against 
misspecification problems (i.e. non-normality or hetereskodestacity). In 
fact, this is observed in the first column of  table 4 where the diagnostic tests 
of  the OLS estimation of  the model indicate non-normality in the errors and 
heteroskedasticity. Non-normality of  the errors is not unexpected given 
that the covariates display strong non-normality (see table 2). It is important 
to mention that the violation of  the normality hypothesis does not disqualify 
the model’s specification when there are good theoretical reasons to think 
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that there is a spatial model that is adequate (Arbia, 2006).21 Nevertheless, 
the problem of  whether the spatial lag model is the best specification to 
account for the spatial autocorrelation remains, because, as it is known in 
the spatial econometric literature, a spatial error model (see equation [4]) 
can also account for the spatial autocorrelation as well. This is an important 
element to consider because the error can include omitted variables that are 
also spatially dependent.22 

Therefore, several problems of  identification can arise when a spatial (or 
social interaction) term is considered, and serious econometric work must be 
done to address these and other related problems. To respond to this issue, 
it is important to remark that in the last section, I showed that the spatial 
lag model (equation [3]) is an implementation of  model A (or B) and, for 
that reason, it is not necessary to evaluate which econometric spatial model 
is more appropriate to account for spatial autocorrelation. Our motivations 
are theory driven not data driven. In spite of  that and for information, I 
present the Lagrange Multiplier tests that allow for the distinction between 
spatial lag (LMlag) and spatial error (LMerror) model alternatives (see Anselin, 
2001).23 Table 3, shows the main results for the tests. 

Two different weight matrixes (W) of  equation [3] are considered to 
calculate the tests: the first takes into account just local interaction (i.e., 
model A) and the second considers the threshold model (i.e., model B). As 
expected, all the standard Lagrange Multiplier tests accept the alternative. 

21 Likewise, presence of  no/ normality and heteroskedasticity are frequent in this kind of  settings 
because both are related problems (Arbia, 2006)
22 When using a spatial lag model [3], many precautions must be taken because spatial autocorrelation 
can be due to either the neighbors’ influence (i.e., social interaction) or the errors (omitted variables) 
(see equation [4]). Moreover, the spatial autocorrelation can be due to both effects (see Case, 1991, for 
an implementation that nests both effects). Several methodological strategies can be cited to deal with 
this potential problem of  specification (Case, 1991; Florax, Folmer and Rey, 2003; Anselin, 2002). 
23 These statistics have both an asymptotic χ2 distribution with one degree of  freedom. In strict 
sense, these tests would not be robust because they depend on errors that are normal. Nevertheless, 
we report the results because they provide useful information for this research; moreover, it is not 
uncommon to find in empirical essays the use of  these tests even when the data shows non-normality 
(Mobley et al., 2006). 
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Now, a simple rule sometimes used to distinguish between the alternatives 
when they are highly significant is to see which robust LM test has the higher 
statistic value (and which has the higher p-value); that is, if  LMlag-rob > LMerror-rob 
then consider a spatial lag model otherwise go with the spatial error (Florax 
et al., 2003). In general and for the purposes of  this exercise, the spatial 
lag seems to be well justified as an alternative.24 In general, the spatial lag 
model seems to be a better spatial option when the band distance is lower 
than one kilometer.

Table 4 summarizes the main results of  the regressions considering 
only model A. The first column of  the table displays OLS results of  the 
specification (not considering the social interaction term) and in the second 
column is reported estimation with robust errors; likewise in the third and 
fourth columns, a reduced OLS version of  the model is estimated. The 
next columns of  table 4 report the estimation of  the spatial lag model by 
maximum likelihood considering different band distances. The spatial lag 
estimations also report robust error estimation but it is only showed for 
the reduced model when the band distance is 540 meters. The spatial lag 
estimations are based on the algorithms outlined in Smirnov and Anselin 
(2001) implemented in Geoda 0.9.5-i(beta) and the robust versions were 
calculated in Data Analysis and Statistical Software (STATA) using the 
procedures of  Maurizio Pisati (2001).25

Likewise, table 5 summarizes the main results of  the regressions 
considering model B without reporting the robust and the reduced version 
of  the models.26 

First of  all, table 4 and 5 indicate that the spatial lag model in both 
models fits better the data than OLS as it can be corroborated through the 
log likelihoods; but most importantly, the spatial interaction term is highly 

24 The tests are only informative because it is difficult to distinguish alternatives if  we rely on them. 
25 Because two different programs are used in the estimation of  the spatial lag model, the estimation 
of  coefficients are not identical between them. However these discrepancies are not significant for 
the purposes of  this exercise. 
26 I do not report these two last estimations because once they are considered in the model, the results 
behave similarly as in model A. In any case, the results can be obtained upon request.
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T���� 4 
Spatial econometric results of model A (local interaction): downtown 2000

Distance Band (meters) Distance Band (meters)

 ��� 540 720 900 1 080

Indepedent 
variable

Reduced
 model

Reduced 
model

Reduced 
model

Reduced
 model

Reduced
 model

 robust robust robust robust robust robust robust  

Self-employment 
(Rate in neighbors)  0.461 0.350 0.497 0.361 0.785 0.698 0.842 0.794 0.711 0.863 0.601 0.608 0.643

s.e.  (0.043) (0.052) (0.044) (0.050) (0.034) (0.063) (0.030) (0.039) (0.066) (0.033) (0.068) (0.060) (0.070)
z test  10.721 6.752 11.291 7.170 23.088 11.002 27.999 20.359 10.695 25.950 8.838 10.209 9.165
Intercept –5.238  23.854 –16.830 –13.376 9.914 21.147 –15.895 –18.196 3.057 –19.080 –18.624 2.130 –24.249 –25.215 7.087
s.e. (12.175) (15.755) (5.375) (7.919) (10.674) (13.830) (4.913) (6.955) (10.139) (13.342) (4.580) (10.402) (13.504) (4.705) (10.687) (14.563) (5.172)
t or z test –0.430 –0.330 4.438 3.012 –1.577 –0.967 2.018 3.041 –1.568 –1.364 0.667 –1.834 –1.379 0.453 –2.269 –1.731 1.370
Education years –2.212  –1.097 –1.579 –1.689 –0.551 –1.682 –1.550 –1.494 –0.427 –1.462 –1.495 –0.426 –1.450 –1.376 –0.634
s.e. (0.432) (0.572) (0.274) (0.363) (0.381) (0.488) (0.248) (0.505) (0.362) (0.461) (0.235) (0.371) (0.472) (0.242) (0.384) (0.515) (0.254)
t or z test –5.122 –3.870 –3.998 –3.024 –4.146 –3.463 –2.223 –3.327 –4.286 –3.240 –1.817 –3.946 –3.169 –1.765 –3.781 –2.671 –2.500
Male 15-64 0.412  0.375 0.359 0.329 0.355 0.308 0.327 0.420 0.438  
s.e. (0.127) (0.277) (0.112) (0.273) (0.106) (0.264) (0.109) (0.268) (0.111) (0.273)  
t or z test 3.249 1.490 3.349 1.316 3.104 1.344 2.830 1.223 3.783 1.606  
Population 20-24 0.028  0.034 0.046 0.022 0.018 0.070 0.052 0.003 –0.029  
s.e. (0.129) (0.222) (0.113) (0.212) (0.107) (0.206) (0.110) (0.207) (0.113) (0.213)  
t or z test 0.221 0.130 0.303 0.217 0.206 0.088 0.638 0.250 0.023 –0.138  
Population 60-64 1.037  0.745 0.817 0.666 0.683 0.614 0.686 0.676 0.683  
s.e. (0.234) (0.346) (0.205) (0.334) (0.194) (0.343) (0.199) (0.346) (0.204) (0.343)  
t or z test 4.440 3.000 3.637 2.444 3.427 1.991 3.078 1.983 3.308 1.989  

Population was in 
1995 in Mexico City 0.126  0.131 0.132 0.076 0.094 0.105 0.108 0.150 0.147  

s.e. (0.068) (0.090) (0.060) (0.075) (0.057) (0.068) (0.059) (0.069) (0.060) (0.077)  
t or z test 1.854 1.400 2.177 1.768 1.334 1.377 1.782 1.565 2.507 1.925  
Own House –0.101  –0.067 –0.066 –0.074 –0.030 –0.050 –0.034 –0.041 –0.004 –0.042 –0.047 0.007 –0.068 –0.064 –0.033
s.e. (0.019) (0.026) (0.018) (0.033) (0.017) (0.024) (0.016) (0.029) (0.016) (0.023) (0.015) (0.017) (0.023) (0.016) (0.017) (0.024) (0.016)
t or z test –5.231 –3.820 –3.631 –2.016 –3.828 –3.096 –1.832 –1.729 –2.101 –1.795 –0.279 –2.503 –2.030 0.463 –3.991 –2.702 –2.036
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T���� 4 
Spatial econometric results of model A (local interaction): downtown 2000

Distance Band (meters) Distance Band (meters)

 ��� 540 720 900 1 080

Indepedent 
variable

Reduced
 model

Reduced 
model

Reduced 
model

Reduced
 model

Reduced
 model

 robust robust robust robust robust robust robust  

Self-employment 
(Rate in neighbors)  0.461 0.350 0.497 0.361 0.785 0.698 0.842 0.794 0.711 0.863 0.601 0.608 0.643

s.e.  (0.043) (0.052) (0.044) (0.050) (0.034) (0.063) (0.030) (0.039) (0.066) (0.033) (0.068) (0.060) (0.070)
z test  10.721 6.752 11.291 7.170 23.088 11.002 27.999 20.359 10.695 25.950 8.838 10.209 9.165
Intercept –5.238  23.854 –16.830 –13.376 9.914 21.147 –15.895 –18.196 3.057 –19.080 –18.624 2.130 –24.249 –25.215 7.087
s.e. (12.175) (15.755) (5.375) (7.919) (10.674) (13.830) (4.913) (6.955) (10.139) (13.342) (4.580) (10.402) (13.504) (4.705) (10.687) (14.563) (5.172)
t or z test –0.430 –0.330 4.438 3.012 –1.577 –0.967 2.018 3.041 –1.568 –1.364 0.667 –1.834 –1.379 0.453 –2.269 –1.731 1.370
Education years –2.212  –1.097 –1.579 –1.689 –0.551 –1.682 –1.550 –1.494 –0.427 –1.462 –1.495 –0.426 –1.450 –1.376 –0.634
s.e. (0.432) (0.572) (0.274) (0.363) (0.381) (0.488) (0.248) (0.505) (0.362) (0.461) (0.235) (0.371) (0.472) (0.242) (0.384) (0.515) (0.254)
t or z test –5.122 –3.870 –3.998 –3.024 –4.146 –3.463 –2.223 –3.327 –4.286 –3.240 –1.817 –3.946 –3.169 –1.765 –3.781 –2.671 –2.500
Male 15-64 0.412  0.375 0.359 0.329 0.355 0.308 0.327 0.420 0.438  
s.e. (0.127) (0.277) (0.112) (0.273) (0.106) (0.264) (0.109) (0.268) (0.111) (0.273)  
t or z test 3.249 1.490 3.349 1.316 3.104 1.344 2.830 1.223 3.783 1.606  
Population 20-24 0.028  0.034 0.046 0.022 0.018 0.070 0.052 0.003 –0.029  
s.e. (0.129) (0.222) (0.113) (0.212) (0.107) (0.206) (0.110) (0.207) (0.113) (0.213)  
t or z test 0.221 0.130 0.303 0.217 0.206 0.088 0.638 0.250 0.023 –0.138  
Population 60-64 1.037  0.745 0.817 0.666 0.683 0.614 0.686 0.676 0.683  
s.e. (0.234) (0.346) (0.205) (0.334) (0.194) (0.343) (0.199) (0.346) (0.204) (0.343)  
t or z test 4.440 3.000 3.637 2.444 3.427 1.991 3.078 1.983 3.308 1.989  

Population was in 
1995 in Mexico City 0.126  0.131 0.132 0.076 0.094 0.105 0.108 0.150 0.147  

s.e. (0.068) (0.090) (0.060) (0.075) (0.057) (0.068) (0.059) (0.069) (0.060) (0.077)  
t or z test 1.854 1.400 2.177 1.768 1.334 1.377 1.782 1.565 2.507 1.925  
Own House –0.101  –0.067 –0.066 –0.074 –0.030 –0.050 –0.034 –0.041 –0.004 –0.042 –0.047 0.007 –0.068 –0.064 –0.033
s.e. (0.019) (0.026) (0.018) (0.033) (0.017) (0.024) (0.016) (0.029) (0.016) (0.023) (0.015) (0.017) (0.023) (0.016) (0.017) (0.024) (0.016)
t or z test –5.231 –3.820 –3.631 –2.016 –3.828 –3.096 –1.832 –1.729 –2.101 –1.795 –0.279 –2.503 –2.030 0.463 –3.991 –2.702 –2.036
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Distance Band (meters) Distance Band (meters)

��� 540 720 900 1 080

Indepedent 
variable

Reduced
 model

Reduced 
model

Reduced 
model

Reduced 
model

Reduced 
model

robust robust robust robust robust robust robust

Households with 
computer 0.159  0.162 0.156 0.171 0.167 0.169 0.167 0.140 0.136  

s.e. (0.042) (0.069) (0.037) (0.060) (0.035) (0.057) (0.036) (0.058) (0.037) (0.063)  
t or z test 3.756 2.310 4.368 2.598 4.853 2.938 4.680 2.881 –3.782 2.158  

Population 
economically 
dependent

0.318  0.241 0.246 0.263 0.164 0.186 0.192 0.220 0.103 0.209 0.223 0.118 0.264 0.259 0.183

s.e. (0.081) (0.105) (0.075) (0.122) (0.071) (0.091) (0.066) (0.088) (0.068) (0.088) (0.062) (0.070) (0.088) (0.064) (0.071) (0.092) (0.065)
t or z test 3.912 3.020 3.222 1.971 3.450 2.889 2.486 2.103 2.821 2.502 1.648 2.994 2.527 1.846 3.710 2.806 2.800
R-squared 0.35  0.23 0.49 0.47 0.39 0.40 0.54 0.54 0.46 0.51 0.53 0.43 0.49 0.51 0.41
Log likelihood –875.31  –900.54 –844.16 –846.50 –869.42 –864.60 –830.05 –826.02 –854.28 –834.53 –828.87 –857.61 –845.10 –840.39 –868.021
Jarque-Bera (value) 51.250  334.912          
p-value 0.000  0.000          

Breusch-Pagan test 
(value) 76.610  13.156 53.940  3.438 61.400  0.609 54.020  3.279 77.870  6.404

p-value 0.000  0.004 0.000  0.329 0.000  0.894 0.000  0.351 0.000  0.094

Koenker-Basset 
(value) 38.960  3.667          

p-value 0.000  0.300          

Likelihood Ratio 
Test    62.233 83.770  92.510 81.560  60.510  65.035

p-value       0.000  0.000  0.000 0.000   0.000   
Notes: the spatial lag model was estimated in Geoda 0.9.5-i(beta). The spatial lag model with 
robust errors was estimated in �����. Numbers in parenthesis indicate standard errors, t value 
is for ��� and z-value is for the spatial lag models.

T���� 4, continued…
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Distance Band (meters) Distance Band (meters)

��� 540 720 900 1 080

Indepedent 
variable

Reduced
 model

Reduced 
model

Reduced 
model

Reduced 
model

Reduced 
model

robust robust robust robust robust robust robust

Households with 
computer 0.159  0.162 0.156 0.171 0.167 0.169 0.167 0.140 0.136  

s.e. (0.042) (0.069) (0.037) (0.060) (0.035) (0.057) (0.036) (0.058) (0.037) (0.063)  
t or z test 3.756 2.310 4.368 2.598 4.853 2.938 4.680 2.881 –3.782 2.158  

Population 
economically 
dependent

0.318  0.241 0.246 0.263 0.164 0.186 0.192 0.220 0.103 0.209 0.223 0.118 0.264 0.259 0.183

s.e. (0.081) (0.105) (0.075) (0.122) (0.071) (0.091) (0.066) (0.088) (0.068) (0.088) (0.062) (0.070) (0.088) (0.064) (0.071) (0.092) (0.065)
t or z test 3.912 3.020 3.222 1.971 3.450 2.889 2.486 2.103 2.821 2.502 1.648 2.994 2.527 1.846 3.710 2.806 2.800
R-squared 0.35  0.23 0.49 0.47 0.39 0.40 0.54 0.54 0.46 0.51 0.53 0.43 0.49 0.51 0.41
Log likelihood –875.31  –900.54 –844.16 –846.50 –869.42 –864.60 –830.05 –826.02 –854.28 –834.53 –828.87 –857.61 –845.10 –840.39 –868.021
Jarque-Bera (value) 51.250  334.912          
p-value 0.000  0.000          

Breusch-Pagan test 
(value) 76.610  13.156 53.940  3.438 61.400  0.609 54.020  3.279 77.870  6.404

p-value 0.000  0.004 0.000  0.329 0.000  0.894 0.000  0.351 0.000  0.094

Koenker-Basset 
(value) 38.960  3.667          

p-value 0.000  0.300          

Likelihood Ratio 
Test    62.233 83.770  92.510 81.560  60.510  65.035

p-value       0.000  0.000  0.000 0.000   0.000   
Notes: the spatial lag model was estimated in Geoda 0.9.5-i(beta). The spatial lag model with 
robust errors was estimated in �����. Numbers in parenthesis indicate standard errors, t value 
is for ��� and z-value is for the spatial lag models.
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significant and positive in either spatial lag model (A or B) and, its inclusion 
is affecting the estimation of  the covariate coefficients. Nevertheless, the 
social interaction coefficient in model A (local interaction) is more than 
twice than the value of  the coefficient in model B (threshold). 

The spatial lag models still have problems of  heteroskedasticity as 
indicated by the Breusch-Pagan test, but this is not unexpected given that 
the data presents strong non-normality.27 Nevertheless, note that a robust 
estimation (see column called “robust” in table 4) do not change substantially 
the results. Moreover, the presence of  heteroskedasticity can be in part 
due to the fact that some of  the sociodemographic covariates used in the 
analysis presumably are correlated. To consider this, see in table 4 that 
heteroskedasticity is not present either in the OLS reduced version or in the 
spatial lag model reduced version as it is indicated by the Koenker-Basset 
(KB) test and the Breusch-Pagan test respectively. However, non-normality 
continues being present in the model because the KB test does not rely on the 
assumption of  normality. It is important to mention that significant changes 
in the social interaction term are not detected even when the robust and the 
reduced models are considered; for that reason, we consider that the results 
will no be drastically modified if  more sophisticated and complex spatial 
methods that deal with non-normality were implemented. Similar conclusions 
have been reached in other researches that deal with similar characteristics in 
the data used in this essay (see Mobley et al., 2006).

The important result of  this spatial econometric exercise has been to 
show that the spatial interaction term is significant, but also it is important 
to mention some results of  the covariate coefficients. Contrary to what the 
literature of  entrepreneurship would expect (Evans and Jovanovic, 1989), 
liquidity constraints (see own house variable) has a null or negative impact on 
the rate of  self-employment (both models produce similar results). Education 

27 Heteroskedasticity is not uncommon when dealing with regional data because of  the irregular 
nature of  the areas (or regions) analyzed (Arbia, 2006). Heteroskedasticity can also indicate that different 
spatial regimes must be considered; however, we dismiss this possibility because the area analyzed 
is relatively small (a portion of  Mexico City). 
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is strongly significant and negatively correlated to self-employment and that 
economically dependent persons (children and elders) are significant with 
positive coefficient. The negative impact of  education is consistent with other 
empirical studies that use micro-data to analyze entry-exit decisions on self-
employment in Mexico (Woodruff, 1999).28 

Another interesting result is that the rate of  old people (60-65 years old) 
is consistently positive and statistically significant; this situation reinforces 
the hypothesis that conditions of  poverty and weak or absent social security 
for the elderly increases the rate of  self-employment. Also note that the 
proportion of  the population living in the city in 1995 tends to be statistically 
significant in most of  the band-distances. This variable controls indirectly 
for sorting effects. In general, similar results are produced by models A 
and B in the statistical significance and sign of  the parameters. But the 
social interaction term differs strongly in magnitude between models: local 
interaction is in average four times larger than the parameter obtained in the 
threshold model. The rest of  the covariates do not exhibit large discrepancies 
in magnitude between models, but the parameter of  education is stronger in 
the threshold model. Maybe the important suggestion in the regression 
data would be that global information in Model B plays a role of  stabilizer 
in the sense that it diminishes the effect of  local interactions reflected in the 
size of  the coefficients. If  the threshold model is a proxy of  the way in 
which institutions (or policy effects by the authority) are being incorporated 
at individual level (census tract), then the smaller magnitude in the social 
interaction term in model B might be consistent with the idea that institutions 
reduce uncertainty in the economic environment (North, 1990). 

It is important to remark that I am not claiming identification of  the social 
interaction term with the spatial econometric implementation. Problems of  
identification in these kinds of  models are hard in cross-sectional settings 
(Manski. 1997). Nevertheless, the spatial lag model is a suitable econometric 

28 Calderón-Madrid (2000) using panel data for Mexico between 1995-98 (and calculating hazard 
rates from leaving one sector to another) found that people with formal and higher education spend 
less time in self-employed activities. 
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implementation that provides us with relevant information that enriches 
the simulation procedures of  our models. Empirical issues (and calibration 
of  the models) will be further addressed in the next section in a simulation 
framework. 

S���������, ������� �������� ��� ��������� 
�������� �� ��� ������

Dynamics properties of  the models are not possible to study in a spatial 
lag econometric framework. But the spatial lag implementation provides 
information to restrict parameter space in the census tract simulations and, 
with that, the possibility to analyze the dynamic properties of  the models. 
Specifically, the simulations in the next section are designed to see how well 
the models match the global Moran’s Index empirically observed in the 
self-employment rate in downtown Mexico City in 2000. 

Conditions of the model

The average rate of  self-employment per census tract observed in downtown 
is 19.72 (the aggregate self-employment rate in the area is 20.3).29 In the 
simulations, I target an equilibrium outcome that is close to the average rate 
of  self-employment observed in 2000. In order to replicate this equilibrium 
outcome, I use the information provided by the spatial lag model in cross 
section, which presumes to be at equilibrium, to restrict parameter space 
in models A and B.30 

It is observed from tables 4 and 5 that the best fit (see log likelihood) in 
both models happens in general in the distances: 540, 720, and 900 meters. 
In the simulations, I use the mean value of  the parameters of  the spatial lag 
model that are generated in these distances. I am assuming that the values 
of  the parameters are not affected by distance. Because the basic idea of  the 

29 These rates do not differ from the rates observed in the whole city –see table 1.
30 I showed previously that the spatial lag model identifies appropriately model A and B.
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simulations is to evaluate the dynamics of  global clustering that each model 
produces, I will use the Moran’s Index calculated at equilibrium to monitor 
the global spatial autocorrelation of  the self-employment rate in the region 
at each period of  time. An error is also considered in the simulations. To 
implement that, each census tract incorporates an error that comes from a 
normal distribution with standard error equal to the average of  the standard 
errors of  the spatial lag model and with mean zero. Also, all census tracts 
adjust asynchronously their rate of  self-employment once each period of  
time.31 The initial conditions used are the empirical observations of  the rate 
of  self-employment in 2000, but this is somewhat irrelevant because random 
initial conditions do not affect the general results. Finally, information of  the 
own characteristics of  the census tracts comes from census data in 2000. 

Results

The simulations with noise do not produce a fixed equilibrium (either in the 
Moran’s Index or the rate of  self-employment) but one that oscillates very 
close around a gravitational point. I average the Moran’s Indexes generated 
in 200 periods of  time (more periods of  times do not statistically affect the 
results) in order to have an estimate to compare with. First, I contrast in 
Figure 5, the models with and without an error term. 

What random components do is essentially diminish the level of  global 
spatial autocorrelation in the region simulated. The Moran’s Index in both 
models drops more than twice if  compared when noise is not present but it 
continues to show high and statistically significant levels of  positive spatial 
autocorrelation.32 Nevertheless, in our models the Moran’s Indexes continue 
to show strong spatial autocorrelation because pure local interaction 

31 This is equivalent to a uniform activation of  the census tracts, which means that a census tract i 
acts immediately before census tract j over the course of  a period of  time. 
32 The loss of  spatial autocorrelation when noise is present is in accordance with what the theoretical 
literature of  social interactions has suggested when random behavior is introduced in systems that 
resemble the one analyzed in this research: noise is breaking out the clusters formed in systems based 
on local information (see Young, 1998; Ianni and Corradi, 2002). 
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(model A) or global-local interaction (model B) in conjunction with the 
other variables (i.e., census tracts’ own characteristics) counterbalances the 
effect of  noise maintaining the spatial clustering. The important result is 
that spatial autocorrelation of  the self-employment rate continues being 
statistically significant even with random shocks. Now it is important to 
ask whether the models are reproducing the global spatial autocorrelation 
empirically observed in the self-employment rate. If  we assume that the self-
employment rate observed in 2000 is at equilibrium, then we can compare 
its Moran’s Index with the one produced by the models. Figure 6 displays 
these comparative results between models and empirical data. The figure 
also contains a series of  the models without the social interaction term 
(no local interaction or no global-local interaction effects) and that were 
produced with OLS estimation (i.e., no social interaction term).

First, note that models of  pure local interaction and threshold are much 
closer to the empirical data than the rest of  the specifications. Then, a 

F����� 5
Effect of the error term on the Moran’s Index 
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simple comparative static exercise indicates that the social interaction term 
is fundamental to reproduce the spatial autocorrelation observed. It is true 
that in short band distances (less than 1.5 km), the series without the social 
interaction term produce statistically significant spatial autocorrelation (own 
characteristics and error contribute to that), but they are quite low to be close 
to what is empirically observed. This gives an insight regarding the role of  
pure local interactions: it happens that local conformity under the presence 
of  own characteristics variables triggers spatial autocorrelation. 

Spatial autocorrelation of  self-employment decreases in all models 
as the distance increases. But while it is clear that the models without the 
social interaction term reach spatial randomness with relatively short band 
distances, this situation does not occur with models A or B. 

The dynamics of  model A and B display interesting dynamics in figure 
6, model A (local conformity) produces higher spatial autocorrelation than 
model B when the distance is smaller than 1 km; consequently, the series 
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are closer to the empirical spatial autocorrelation. This is consistent with the 
results of  the econometric implementation (see last section) where model A 
has a better fit than model B in these band distances. But, interestingly, the 
behavior of  both models is reversed if  the band of  distance is greater than 
1 km: model B (threshold) not only produces higher spatial autocorrelation 
but its simulated outcomes are also close to the empirical ones.

From the point of  view of  reproducing local clusters, the latter results 
are consistent with local Moran’s Index. In figure 7, I show typical LISA maps 
realizations of  simulations in models A and B and OLS specification (initial 
conditions are random in all models). The simulated maps are contrasted 
with the empirical one. I highlight LISA statistics with 1% pseudo-significance 
level and the band distance used is 1 800 meters. 

From figure 7, it is clear that models A and B reproduce better the 
empirical cluster than the OLS specification, which does not include the social 
interaction term. But model B (threshold) seems to reproduce better the 
empirical cluster. The local results are consistent with the global spatial 
autocorrelation generated by the models in these particular realizations: 
Model B generates the highest Moran’s Index (0.183), which is closer to 
the empirical one (0.2404). 

The main lesson of  the simulations is that a model that considers 
global-local information (model B) fits real data better than a simple model 
of  local information if  a relatively large distance network structure is 
influencing the rate of  self-employment (more than 1.5 km). This suggests, 
given the assumptions of  model B, that self-employment rates at census 
tract level not only are influenced by local information (provided by the 
neighborhood), but also by global entities that process global information. 
Governmental propaganda, publicity and activism of  local leaders can be 
means of  transmission of  global information.33 

33 For example, the political power of  the leaders of  the street peddlers in downtown Mexico City 
is widely recognized. Likewise, the federal governmental propaganda to promote self-employed 
activities (changarros) are also well recognized. 
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F����� 7
���� maps of typical realizations under different models 
(band distance 1800 meters)

Notes: initial conditions are random in all models. The intensity of the color in each census 
tract is associated to a pseudo significant ���� (p < 0.01). No color: no significant spatial 
autocorrelation; dark gray: Low-Low spot of spatial autocorrelation; medium gray: High-
High spot of spatial autocorrelation; light gray: Low-High spot of spatial autocorrelation; 
lightest gray: High-Low spot of spatial autocorrelation.
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If  both formal and informal institutions are processing and returning 
global information to the system, they can reduce the uncertainty about 
the global environment (i.e., less global spatial autocorrelation). At the same 
time, they are perpetuating polarization in the clusters (i.e., an increase 
of  the local spatial clusters). This conclusion is consistent with the notion of  
local conformity and global diversity postulated by the literature of  social 
interactions and institutions (Young, 1998). 

C��������� �������

This research contributes to understanding self-employment in developing 
countries because it advances a hypothesis so far not considered in the 
literature: entry-exit decisions in self-employment activities are also 
influenced by non-market interactions. In particular, this paper proposed 
through implementing a census tract based model with data of  downtown 
Mexico City from 2000 that increasing returns from conformity are 
present in individuals when they are facing entry-exit decisions in the self-
employment sector. Likewise, in this essay it is suggested that the effect of  
social influence must not be only restricted to local informational dynamics 
(neighborhoods) because channels of  global information can also shape 
the effects of  social influence. This situation remits us to the possibility 
that a threshold behavior might be present in the decisions of  entry in 
self-employment activities; a situation that is reminiscent of  social scientists 
understanding of  collective action phenomena (such as joining a revolt, 
voting for a party, etc.). 

An additional point is that the presence of  social contagion in self-
employment activities must not be restricted only to environments where 
informality and poverty are common (like Mexico City); the thesis certainly 
must apply in more advanced countries too. Further research in this area 
is necessary. Due to lack of  information, this study relies on census tract 
data for the year 2000. However, the methodology of  this paper might be 
adjusted to incorporate household level data and better information set 
regarding entry-exit decisions in self-employment. Further research must 
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address this possibility. Finally, the fact that social interactions can be present 
in self-employment activities can have strong policy implications to either 
boost entrepreneurship or to combat poverty traps; moreover, the fact 
that our results indicate that social interactions in self-employment entry-
exit decisions operate through channels of  local and global information, 
raises the issue of  the viability of  the authorities intervention to regulate 
the phenomena. However, in order to figure out the way in which policy 
could be effective, it is necessary to have more precise micro information 
of  the local dynamics.
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A�������: M����’� I���� ��� ���� ����������

Moran’s Index is a global measure of  spatial autocorrelation (one statistic 
is derived for the entire study area) that relates spatial proximity between 
regions. The expression is:

I =

nwij (xi − x)(xj − x)

(wij)(xi − x)2

n

i

n

j

n

i

n

j

n
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− −
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where n are the number of  observations, wij is a measure of  the spatial 
proximity between regions i and j, and xi is the value of  the attribute of  
interest for location i. In this paper wij is binary and it is based on distances: 
if  a census tract is inside the radius of  distance considered, wij takes value 
of  one, otherwise is zero. In order to normalize the outside influence upon 
each region, I use row-standardized weights such that the elements wij in 
each row sum to 1, consequently

 wij = n
n

i

n

j

The value of  Moran’s Index ranges from –1 for negative spatial autocorrelation 
to 1 for positive spatial autocorrelation. No spatial autocorrelation is 
indicated by the expected value of  Moran’s Index, that is, 

EI = − 1
(n − 1)

To test statistically that there is spatial autocorrelation, one needs to test 
the hypothesis null of  spatial randomness. It is assumed that the sampling 
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distribution of  the Moran’s Index has a normal distribution under the (null) 
hypothesis of  no spatial pattern. Commonly two sampling assumptions are 
made for Moran’s Index: normality or randomization. The first assumes that 
each region arises from normal distributions that have the same mean and 
variance in each region; in the second (randomization), the set of  values is 
fixed but the locations associated to each value is not fixed. Consequently, it 
is assumed that all possible permutations of  the regional values are equally 
likely. In such procedure, each time a new permutation is run, a pseudo-
significance p-value is obtained; that means that the results are not exactly 
replicable. The tests of  pseudo-significance were performed in the package 
GEODA095I-6.

If  we plots the weighted average of  the neighbors of  the variable of  
interest against the values of  the variable, we obtain the so called Moran 
Scatterplot; that is, plotting

wij (xj − x)
j

−

against (xj − x)− . The scatterplot indicates local spatially instability; that is, 
local deviations from global pattern of  association. The scatterplot generates 
four quadrants between an observation and its neighbors: a) High-High 
which means that an observation (census tract) with a value above the mean 
is surrounded by observations (census tracts) with values above mean; 
b) Low-Low, an observation (census tract) with a value below the mean is 
surrounded by observations (census tracts) with values below mean; c) High-
Low, which means that an observation (census tract) with a value above the 
mean is surrounded by observations (census tracts) with values below mean;  
and finally d) Low-High, which means that an observation (census tract) 
with a value below the mean is surrounded by observations (census tracts) with 
values above mean. If  z is the vector of  xi in deviation from the mean and 
W is the row standardized weight matrix, then it is the case that the slope 
coefficient of  the linear regression of  Wz on z is the Moran’s Index. 
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The latter brings us to the local Moran statistic:

Ii =

(xi − x)wij (xj − x)

wij(xi − x)2/n

i

i

−−

−

The sum of  the local Moran’s is equal to the global Moran (Σ I = I). Then  
there is a clear connection between the local indicator and the global 
indicator of  spatial autocorrelation. LISA statistics can be subject to 
inferential procedures. In that way the local spatial instabilities visualized in 
the Moran Scatterplot can be tested, and significant local clusters can also 
be detected even in absence of  global autocorrelation (Hot Spots). In this 
essay, I also assess pseudo-significance of  the local Moran’s through random 
permutations.34 

34 For a calculation of  the variance Ii see Anselin, 1995.


