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Labor informality, associated with low productivity and lack of access to social security services, dogs developing countries around the world. Rates of labor (in)formality,
however, vary widely within countries. This paper presents a new stylized fact, namely
the systematic positive relationship between the rate of labor formality and the working age population in cities. We hypothesize that this phenomenon occurs through
the emergence of complex economic activities: as cities become larger, labor is allocated into increasingly complex industries as firms combine complementary capabilities derived from a more diverse pool of workers. Using data from Colombia, we use
a network-based model to show that the technological proximity (derived from worker
transitions between industry pairs) of current industries in a city to potential new complex industries governs the growth of the formal sector in the city. The mechanism
proposed has robust strong predictive power, and fares better than alternative explanations of (in)formality.
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1 Introduction
Following the Second World War, the developed world experienced a rapid industrial expansion. It was
expected that developing countries would follow this expansion, and traditional economies dominated
by low renumeration jobs and low productivity would give way to modern capitalist production processes
(Lewis, 1954). The result would be increased productivity and rising wages. These expectations, however,
were not met, and the persistence of what anthropologist Keith Hart originally labeled as the 'informal
1

sector' (Hart, 1973), became a central topic of study and analysis in the development literature (Castells
and Portes, 1989, De Soto, 1990, 2000, Doeringer and Piore, 1975, Maloney, 2004, Singer, 1973) (see
Chen, 2012 for a review). Today, labor informality remains a major concern in developing countries,
and is associated with low productivity (Busso et al., 2012, La Porta and Shleifer, 2014), tax evasion and
reduced access to contributory social security programs (Perry, 2007).
Although central to the early economic development literature inspired by the pioneering work of (Fields,
1975) (see also Ghani and Kanbur, 2013), "the link between urbanization and formal employment is a
part of the development process that is potentially important and too little studied", according to Paul
Romer1 . The role that city features such as population size and industrial composition play in the creation of formal employment (and the reduction of informality) in developing countries has been largely
ignored. Variables such as minimum wages, payroll taxes and government capabilities to enforce regulations and provide public goods, which are considered important determinants of informality (La Porta
and Shleifer, 2014, Levy, 2010), show little or no variation within countries. Yet, as Figure 1 shows, the
variance of formality rates across cities within countries is larger than that across countries.2 The formality
rate is defined in this paper as the share of working age population that is employed by firms in observance of the legal mandates with respect to wages, social security contributions and payroll taxes. The
definition of formal workers as those covered by regulations on salaried labor is standard in the literature
(Busso et al., 2012, Levy, 2010).3
The role that urbanization processes play in the reduction of informality is clearly suggested by the fact
that labor formality rates vary systematically with city size or, more precisely, with the number of potential
workers as measured by the size of the working age population, see Figure 2.
Our main hypothesis is that larger cities are able to absorb a larger share of the potential labor force
because increasingly complex industries take advantage of the complementary capabilities derived from
a larger and more diverse pool of workers. While our hypothesis rests on the role of individual skills, it
goes beyond those of managers, which have been emphasized by Lucas (1978) and La Porta and Shleifer
(2014). While our approach does not deny that government interventions such as minimum wages, taxes
and regulations may hinder the expansion of formal employment, it does not see informality as a result
of such interventions. Our hypothesis considers informal labor as the default type of occupation when
production is done with a small number of differentiated capabilities by family units or small businesses
and formal employment as an emerging phenomenon that takes place mainly in cities where a larger
number of differentiated, and complementary, capabilities can be combined, mainly by firms. The idea
that production processes arise from the complementarity of a large collection of capabilities is implicit
in a range of models including those inspired by economic complexity theory (Hausmann and Hidalgo,
2011, Hidalgo and Hausmann, 2009, Hidalgo et al., 2007), by theoretical models of economic geography
and the growth of regions (Frenken and Boschma, 2007), by the O'ring model of development (Kremer,
1993a), and by the literature on production recipes (Auerswald et al., 2000, Gomez-Lievano et al., 2017).
Cities thrive because they act as a cauldron, enabling firms to mix people and combine skills in a process
1
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However, the (in)formality rate is often calculated as share of the occupied, not of the working age population. We adopt
the latter not only for lack of data on the number of occupied persons by city, but also to avoid potential endogeneity problems
as labor participation may be endogenous to city size.
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of incremental diversification and sophistication of production. The emphasis on skills and the processes
of mixing them is not new (see, e.g., Barro and Sala-i Martin, 2003, Jones, 1995, 2002, Jones and Romer,
2010, Kremer, 1993b, Lucas, 1988, Romer, 1986, 1990, Weil, 2012). Our emphasis here, however, is on the
role of skills in the formation of increasingly complex industries. Employing a simple analogy, we consider
skills as letters in a game of scrabble. The more letters - or skills - a city has, the greater the number of
words firms can build, and the longer and more sophisticated the words become. Under this model,
as cities acquire new skills, the number of possible industries grows more than proportionally, and the
processes of sector diversification and labor creation occur (Hausmann and Hidalgo, 2011, Hausmann
et al., 2014b, Hidalgo et al., 2007).
Our approach is consistent also with the literature on agglomeration economies (Duranton and Puga,
2001, 2004, Friedrichs, 1993, Rosenthal and Strange, 2006), which has emphasized the role that larger
cities have in better facilitating matching between employers and employees, knowledge spillovers and
innovation opportunities, which translate into the creation of new firms. Entrepreneurs and firms also
benefit from sharing production inputs and risks. However, what we emphasize here is that this matching process has a structure, which results in path dependence in the way cities diversify (Glaeser et al.,
1992). For example, new industries in a city that produces textiles, garments and leather will be very
different from industries that flourish in a city that produces cars, electronics, and machinery. This approach is related to classic regional growth models in economic geography which focus on the role of
related varieties, or the diversification of regions into industries similar to the existing economic structure (Frenken et al., 2007, Hausmann and Hidalgo, 2011, Klimek et al., 2012, Neffke and Henning, 2013,
Neffke et al., 2011a,b, Nelson and Winter, 1982).
We focus our study on Colombia. Colombia is a fitting study case, not only because of data availability
(see below), but due to several features of its economic geography and its labor market. Geographical
diversity and differentiated patterns of colonization gave origin to geographically-varied levels of public
goods provision and prosperity still visible today (Acemoglu et al., 2015). With 76 percent of its 47.1
million inhabitants residing in urban areas (in 2013, as estimated by DANE, the National Statistical Office), Colombia has 62 cities with at least 50,000 inhabitants (see definition of cities below). The (simple)
average formal occupation rate in cities is only 16.7 percent of working age population (in 2013), but
the standard deviation between cities is comparatively large (9.1 percent), providing room for statistical
analysis. Furthermore, important changes in urban formal occupation rates occurred between 2008 and
2013, our period of analysis: the average change was 4.7 percent points, with a standard deviation across
cities of 3.4 points. Formal occupation was facilitated by a rate of GDP growth of 4.2 percent, largely
fuelled by a commodity boom (65 percent of Colombia's exports in 2013 were mining products), and
probably also by the reduction in May of 2013 of payroll taxes representing 5 percent of the wage bill.
Labor policies and institutions (including the minimum wage, labor taxes, social security and pensions)
are geographically uniform. Major increases in public social expenditures since the Constitution of 1991
have substantially reduced the gaps in access across cities to education and health. Municipality mayors
are democratically elected (2007 and 2011 were election years). Although many social and economic
policy areas are formally decentralized, municipalities have almost no influence on industrial, innovation
or training policies.
In order to study the emergence of new sectors in a city, we adapt a measure of sophistication previously
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introduced by Hidalgo and Hausmann (2009) to study exports, which we refer to as industry complexity.
We find that the elasticity of formal employment to working age population increases with industry complexity as more sophisticated sectors, requiring many more complementary skills and inputs, emerge
more easily in larger cities. We construct a network where nodes represent industries and edges represent the degree of technological similarity between industry pairs4 . We observe that workers join the
formal economy at low complexity industries (nodes) in the network. Assuming that workers are constrained to move into new industries requiring similar skills in a path dependent manner, we employ a
classic model for dynamics of a random walker on a network (Barahona and Pecora, 2002, Brin and Page,
1998, Mohar, 1991) to show that workers diffuse with low probability to more peripheral or inaccessible
sophisticated industries. We argue that these sectors are more likely to be reached in larger cities with
a more diverse labor force.
Under this network model, the location of a city in the network (i.e., the position of its relatively large
industries) governs its diversification opportunities into complex sectors. We define a measure of complexity potential, which characterizes the potential of a city to diversify into sectors which are both complex and proximate (in a network sense) to current capabilities or skills (measured in terms of existing
industries). We show that this metric predicts the change of formality rates for cities in Colombia (20082013), a result that is robust to inclusion of relevant controls such as the initial working age population,
GDP per capita and the formal occupation rate in the base year, and to a diversity of exogenous shocks
due to the oil boom, government expenditure decisions and nationwide sectoral demand changes. By
interacting these shocks with the main explanatory variable we explore whether complexity potential
operates as a channel of transmission of the shocks or as an endogenous engine of formal employment
growth. Our results lend stronger support to the former possibility, but do not rule out the latter one.
Furthermore, we verify that our mechanism competes successfully with more traditional explanations of
(in)formality that are testable at a sub-national level, such as the provision of infrastructure and education
and government capabilities. Finally, the mechanism proposed holds when the sample is split by city
size and by industry complexity level, indicating that it valid for a variety of places and industry types.

2 Data and Definitions
Our units of analysis are cities, defined as local labor markets. This definition of city is important for us
since the potential for creating productive teams of people, we argue, depends on the available local
sources of labor5 . Cities defined in this way are usually referred to as metropolitan or urban areas. We
will use the terms cities, metropolitan or urban areas interchangeably. In practice, metropolitan areas
are typically based on commuting patterns and are often composed of groups of smaller political or
administrative units, such as counties or municipalities. Duranton (2013) proposed a methodology to
define metropolitan areas, which he applied to the case of Colombia. It consists of adding iteratively
a municipality to a metropolitan area if there is a share of workers, above a given threshold, that commute from the municipality to the metropolitan area. We use a 10% threshold, which in the case of
4

In practice, edge weights are empirically estimated via labor transitions (workers moving between industries).
We note that there is a lack of consensus on what a city is (Duranton, 2013, Pickett et al., 2011, Rozenfeld et al., 2008, 2009).
As open systems in which people, information and materials are constantly flowing in and out, cities lack clear boundaries.
There is, however, a general recognition that for the purpose of economic analysis, cities should represent labor markets.
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Figure 1: Box plots for the distribution of formal occupation rates in a set of developing countries, and cities in Brazil, Colombia,
Mexico and the USA. All data for cities is for 2013 except Brazil which is 2010 - see Appendix for more details on data sources.
The outer limits of the box correspond to the 25th and 75 percentile respectively. We observe a larger variance in formality
rates across cities within countries than across countries, suggesting that the study of the determinants of formality across cities
is an important area of research.

Colombia generates 19 metropolitan areas that consist of two or more municipalities, comprising a total
of 115 municipalities. Similar to the standards of the US Office of Management and Budget (OMB) for
metropolitan area delineations, we add to these 19 urban areas another 43 individual municipalities that
have populations above 50,000 inhabitants, for a total of 62 cities.
Our analysis uses administrative data sets from the social security system of Colombia6 , part of which
is publicly available at the Colombian Atlas of Economic Complexity (www.DatlasColombia.com). We
count the monthly average number of individuals per city per industry in 2008 and 2013 that contributed
to the social security system through firms (which excludes the self-employed). We call this the formal
employment for a given industry and city. Hence, we define the formality rate of a city as the total formal
employment divided by the population older than 15, or
Fc,i =

empc,i
Formal Employment
,
=
Working Age Population
wc

for industry i in city c. Analogously, Fc = empc /wc for city c. We operate with four-digit industry codes,
using International Standard Industrial Classification (ISIC) codes (revision 3.0) with 390 industries7 .

3 The Emergence of Complexity
Do cities become 'more complex' as they increase in size? In order to address this question, we use
the methodology developed by Hidalgo and Hausmann (2009) for export data, and adapt it to define a
measure of sophistication of an industry. This measure is designed to capture the range of capabilities
6

For each individual, our dataset only has information on age, industry of employment, type of social security contribution(s)
and wages. The lack of data on education is a serious limitation to test hypotheses on the relation between education and the
formation of productive capabilities.
7
The full dataset includes 445 ISIC (revision 3.0) industry codes, but only 390 of these are connected to the labor flow network
defined below. The remaining 55 industries represent less than 0.3% of total formal employment, and so for the purposes of
consistency, we omit them from the whole analysis.
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Figure 2: Formality rates increase with working age population for cities across Brazil, Colombia, Mexico and the USA. I.e., larger
cities have disproportionately more workers in the formal sector than smaller cities as shown by the value of the coefficients
(bottom left) respectively.

required for an industry to exist, and is computed based on an iterative model that counts the number
of locations an industry is present in, and the average rarity of the industries those locations are active
in. We call this measure the complexity of an industry. We present a mathematical derivation of this
measure in the Appendix, and refer the reader to Hausmann et al. (2011), Hidalgo and Hausmann (2009)
for further intuition.
Figure 3 A shows the relationship between mean industry complexity8 and working age population in
cities. We observe that larger cities have an industrial mix that is more sophisticated. Figure 3 B shows
the relationship between formal employment and working age population in cities for high complexity
industries (top decile) and low complexity industries (bottom decile). We observe a steeper slope, or
increased elasticity, in the former case, suggesting that the response of employment to city size is more
pronounced in the more complex industries.
In order to systematically examine the changing distribution of labor by industry complexity, we compute
the elasticity of industry-city employment to city size as follows. We run a regression for employment in
cities c and industries i:
log (empc,i ) = α + β log(wc ) + ξqi + γ log (wc )qi

(1)

where wc is the working age population of city c, and qi denotes the complexity of industry i. We then
8

This can equivalently been seen as a city complexity index, analogous to the Economic Complexity Index (ECI) defined for
countries by Hidalgo and Hausmann (2009).
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C
Log Formal Employment
Log Working Age Pop (β)
Industry Complexity (ξ)
Interaction (γ)
Constant
R2
N

1.126***
(0.021)
-10.028***
(0.827)
0.525***
(0.066)
-9.985***
(0.253)
0.38
15,858

Figure 3: Subfigure A shows that mean industry complexity increases with the size of the working age population in Colombian
cities. Subfigure B shows formal employment versus working age population for low complexity industries (bottom industry
complexity decile) and high complexity industries (top industry decile) in all Colombian cities. The larger elasticity in the latter
case indicates that employment in more complex industries increases more rapidly with city size. In order to systematically
examine the changing distribution of labor by industry complexity, we compute the elasticity of industry-city employment to
city size using Equation 1. Table C shows the results of this regression. Finally, in Subfigure D, we plot how the elasticity
responds to change in complexity level as given by Equation 2.

compute the elasticity coefficients (i.e. taking the derivative respect to log(wc )):
∂ log (empci )
= β + γqi
∂ log(wc )

(2)

for each industry i.
Figure 3 C shows the results of the regression (1), and Figure 3 D plots the estimated elasticities as a
function of industry complexity given by (2). We observe that formal employment in more complex industries rises more rapidly as the working age population increases, suggesting that large cities incubate
a larger proportion of complex industries than smaller cities.
In the next section we analyze the process of urban diversification, and show using a network model
that workers tend to join the formal workforce via low complexity industries, and progressively move into
higher complexity sectors over time.

4 Network Analysis
So far, we have analyzed cross-sectional data for cities. In the following sections we present a networkbased model to describe the growth of formality via a process where workers enter the formal labor force
7

at low complexity industries, and diffuse to more sophisticated sectors over time in larger cities.
The model hinges on two core mechanisms. The first, as outlined above, is that formal workers move,
over time, into new more complex economic activities. The second is equally intuitive: the characteristics
of existing economic activities in a city matter because new activities or industries are more likely to
emerge if they use skills similar to those already deployed in the present industries.
4.1 Skill Similarity
Here we develop a network model for the mechanisms introduced above. In order to describe similarity
between industries in terms of `cognitive distance' or skill transferability (Neffke and Henning, 2013),
we measure worker flows (job switches) between industries. Under this model, cities diversify into new
industries because workers switch between jobs that share similar know-how, as captured by the network
structure.
Since all formal workers are observed in different periods, the number of times workers move from one
industry to another can be computed9 . An industry is considered related to another industry if the number of job switches between these industries is larger than what would be expected from randomizing all
switches among all pairs. Formally, if ϕi,j is the number of job switches between industry i and industry
j (between year t and year t + 1), it can be computed as a matrix with entries
Si,j =

ϕi,j / ∑j ϕi,j
.
∑i ϕi,j / ∑i,j ϕi,j

Although this matrix is asymmetric, it is made symmetric by averaging with its transpose, and re-scaling
the values so that they range from -1 to 1:
Ai,j =

Si,j + Sj,i − 2
.
Si,j + Sj,i + 2

(3)

In the computations below, only positive values of this matrix (more job switches than expected) are taken
into account10 .Full detail on these methodological considerations can be found in Neffke and Henning
(2013).
4.2 Network Dynamics
Figure 4 is a network representation of the flows between industries in Colombia, where nodes are industries, and edges shown11 represent inter-industry labor flows as described by Equation 3 above. Here
nodes are colored by two-digit ISIC code, and edges have width proportional to the size of the labor flow
between industry pairs. We observe clusters of closely related industries, driven by workers transitioning
9

Not all industry switches correspond to transfer of skills, however. For instance, firms can change their industry classification
due to acquisition, product diversification, and plant closures. Hence, industry switches that occur in blocks (i.e., many workers
change industry at the same time) are discarded
10
To be precise, if (Si,j + Sj,i )/2 > 1, or the average of the bi-directional switches between industries i and j is more frequent
than expected, then Ai,j > 0 in Equation 3.
11
The edges shown are determined the classic Maximum Spanning Tree algorithm, with the addition of edges with weight
greater than 0.4.
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Figure 4: A network of labor flows between industries for Colombia is visualized (see also DatlasColombia.com by the same
authors). Nodes represent industries, and are colored by two-digit sector code. It is observed that closely related industries
tend to cluster, driven by workers transitioning between similar or complementary economic activities. This network models
the flow of know-how within the Colombian economy, and can be used to model the path dependent process of industrial
diversification for urban centres.

between similar or complementary economic activities. Service-orientated industries tend to be located
to the left-hand side of the network, whereas heavy goods sectors dominate the far right. Retail and
wholesale goods tend to inhabit the interior.
Under our hypothesis, a more diverse range of skills of workers is combined in larger cities enabling the
presence of sophisticated economic activities. Less complex activities may be performed by workers with
skills that are more common and less sophisticated, some of whom operate in the informal sector. We
do not, however, have direct information on the ratio of formal workers to informal workers per industry
- what we can observe is the entry of workers from outside the formal sector into each industry.
For each industry the number of workers previously absent from the formal labor force for a full ninemonth period is computed as a share of the total worker inflow to the industry. In Figure 5 A1 nodes are
colored by the share of workers who flow into the industry from outside the formal sector. Workers tend to
join the formal labor force via low complexity sectors including public administration, services, retail and
agriculture. Subfigure B shows a systematic relationship: the share of workers flowing in from outside the
formal sector is negatively correlated with industry complexity, i.e. less sophisticated industries receive
a larger share of workers previously not present in the formal sector.
We hypothesize that workers joining these low complexity sectors are unlikely to reach more sophisticated but peripheral industries. Only in large cities, with many workers, is this likely. This theory can be
tested via a well-known mathematical model for diffusion of a random walker on a network (Delvenne
et al., 2010, Lovász, 1993), which is alternatively known as a node ranking in other literatures (Brin and
Page, 1998). Specifically, the long-run probabilities of a random walker transitioning each node, given
any initial condition, are computed. Mathematically, a vector xk ∈ Rn containing the transition probability
9

of a random walker transitioning each node at step k can be computed via the system
xk+1 = W xk = AD−1 xk

(4)

with initial condition x0 ∈ Rn . The matrix D is a network of zeros with the column sums (node in-degree)
of A on the diagonal (where A is defined via Equation (3) above). Hence, the probability of a random
walker transitioning node i from node j is governed by the weight of the edge from i to j, normalized
by the total weight of all other edges entering node i.
We seek to compute the long-run equilibrium probability of a random walker reaching each node. This
value can be seen as a measure of the centrality of the node - intuitively, more central highly connected
nodes are more likely to be traversed. Given two conditions on matrix W (1T W = 1T and all other eigenvalues within the unit disk), the system converges xk+1 = xk as k → ∞. When this occurs, x∞ = W x∞
and x∞ may be seen as the eigenvector of W corresponding to eigenvalue 1. Hence, the eigenvector
corresponding to eigenvalue 1 is the steady state vector of long-run transition probabilities.
As argued above, in large cities, workers diffuse from low complexity industries to more sophisticated
activities on the periphery of the network. We have seen that workers enter low complexity industries.
Subfigures A2 and A3 show that more complex industries are associated with a lower transition probability, a relationship confirmed by Subfigure C. Hence, nodes with a high share of labor inflows from outside the formal sector have high transition probabilities, meaning they tend to centrally-located, highly
connected nodes in the network. Conversely, high complexity nodes are rarely traversed by a random
walker. This result suggests that sophisticated (typically peripheral) industries are difficult to reach, and
are thus reached with less frequency by workers, who tend with higher probability to join the network at
low complexity, centrally located nodes. Over time, with a large supply of labor, workers will diffuse to
high complexity but peripheral activities.
This analysis is evidence for the role of both path dependence and complexity in the growth of formal
employment. Large cities provide an increased pool of workers, active in a diverse range of industries,
enabling the emergence of high complexity sectors with higher probability. In the following section we
will develop a network-based metric that captures these dynamics, and show that it is predictive of the
growth of formality in cities.

5 A Model for the Growth of Formality in Cities
The previous sections have described the role that skill similarity across industries plays in the creation of
formal employment, and how this process operates more strongly in larger cities with a more diversified
skill base. We developed a network-based dynamic model that suggests that both the structure of
connections between industries, and the industry complexity, influence the diversification process. Here,
we show that the rate at which cities create formal employment is largely determined by the initial pool
of skills (as captured by its existing industrial structure) and their proximity to complex industries.
To test the predictive power of the theory, the following model is used:
∆Fc (t + 1) = β0 + β1 log(CPc (t)) + β2 Fc (t) + controls
10

(5)

A2

1
.9
.8
.7

Nodes coloured by share inflow workers

B

.6

Share Inflow from Outside Formal Sector

A1

0

.2

.4

.6

.8

1

.8

1

Industry Complexity

-6
-8

Nodes coloured by industry complexity

A3

C

-10

Log Prob Transition Random Walker

-4

R-squared=0.0539 & t=-4.8403 & Coeff=-0.0558

0

.2

.4

.6

Industry Complexity
R-squared=0.1617 & t=-7.0544 & Coeff=-1.3889

Nodes coloured by transition probability

Figure 5: Panel A highlights that workers from outside the formal sector tend to enter the network at low complexity industries,
which are typically located in densely connected regions of the network. Subfigure B confirms these relationships: low complexity industries have a higher share of workers flowing in from outside the formal sector. Worker inflows from outside the
formal sector represent the 'initial condition' of a process where workers diffuse over time within the network. These dynamics
are modeled by a classic random walker model, where the transition probability is the long-term steady state probability of a
random walker traversing a node. In Subfigure C we observe that high complexity industries are associated with low transition
probabilities are more inaccessible and less likely to be reached by workers joining the network from outside the formal sector.
Under this model, only large cities with many workers have the capacity to occupy these sophisticated industries.

where ∆Fc (t + 1) is the change of formal occupation rate between periods t = 2008 and t + 1 = 2013,
CPc (t) is complexity potential in the initial period (2008) and Fc (t) is the initial formal occupation rate.
CPc (t), captures information on both the potential for specific industries to grow (driven by the existence
of missing but similar industries), and the complexity level of those industries. Further details of this
variable are provided below. The coefficient ofFc (t) will indicate if formal occupation across cities tend to
converge (β2 < 0) or diverge (β2 > 0), conditional to the rest of explanatory variables. Controls will include
initial working age population (as a proxy of the potential labor force), initial GDP per capita (an indicator
of aggregate productivity) and measures of several exogenous shocks due to the presence of the oil
sector, to government spending changes and to (Bartik-style - McGuire and Bartik, 1991) nationwide
sectoral demand shocks (see Appendix for full details of variable definitions and data sources).
5.1 Complexity Potential
A city can be positioned in the network by locating the nodes (i.e., the industries) in which it has revealed
comparative advantage with respect to the country as a whole. A revealed comparative advantage (RCA)
larger than one means that the share of employment in that industry in that city is above the national
11

average12 (which is essentially the same as the urban average). The relative size of a specific industry
above what is expected indicates a consolidated presence of the industry in a place. The set of industries
for which a city has RCA larger than one defines, in a sense, the economic or industrial profile of the city.
Hence, depending on where a city has industries located in the network, and how connected those nodes
are to other industries, some cities may be better positioned to move into new industries in the future. In
particular, some cities may have industries embedded in a neighborhood of complex industries, which,
as discussed in the last section, absorb a relatively higher share of labor in larger as compared to smaller
cities.
We propose that better positioned cities, with the potential to move into new industries that are both
similar and complex, will increase their formal occupation rate faster over time. We quantify how well
positioned a city is via its complexity potential, defined as the average distance times complexity of
missing industries (those industries with RCA less than one). Distance, or skill proximity, for an industrycity pair in this calculation is the sum of the edge weights in the network connecting the industry (node)
to all other 'existing' industries in the city (i.e., those with RCA greater than one), divided by the total
weight of edges connected to that node.
Hence, formally, the complexity potential is defined as
CPc =

1
∑ dc,i Ci ,
∣Mc ∣ i∈Mc

(6)

where Mc denotes the set of 'missing' industries for city c (RCA<1), and the Ci ∈ [0, 1] is the normalized
complexity of industry i. The distance weighting factor dc,i , known as density in the literature (Hausmann
et al., 2014b, Hausmann and Klinger, 2006, Hidalgo et al., 2007), is defined as
dc,i =

∑j∈Nc Ai,j
.
∑j Ai,j

where Nc is the set of industries that is present in city c.
Hence, CPc provides a measure of aggregate potential complexity, taking into account both density and
complexity of missing industries in a city, and is closely related but not identical to a previous measure
constructed for trade data (Hausmann et al., 2014a). Our full model specification is given by Equation 5,
and includes a range of controls discussed below.
5.2 Results
Table 1 presents the results of the model. Column 1 shows that the change in the formal employment
rate is faster in cities that initially have a higher rate, which implies that formality rates tend to diverge
across cities. In all the other regressions, the initial formal occupation rate is no longer significant, indicating that the (unconditional) divergence in formality rates can be explained by the other explanatory
variables. Columns 2 and 3 suggest that the divergence could be the result of the initial complexity potential and/or other initial conditions (population size and GDP per capita). Columns 4 through 8 indicate
that complexity potential is a robust determinant of formal employment growth. The coefficient is always
12

The revealed comparative advantage is equivalent to the Location Quotient measured using employment.
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(1)

VARIABLES

(2)

Log Complexity Potential

0.031**
(0.013)

Log working age pop 2008
Log GDP per capita 2011
Binary oil: one well/1000

(3)

(4)

(5)

(6)

(7)

(8)

0.002
(0.007)
0.017**
(0.008)

0.059***
(0.016)
-0.015**
(0.007)
0.013*
(0.007)

0.052***
(0.012)
-0.009*
(0.004)
-0.013
(0.009)
0.074**
(0.028)

0.060***
(0.015)
-0.014**
(0.006)
0.005
(0.009)

0.053***
(0.014)
-0.012**
(0.006)
0.007
(0.008)

0.129
(0.092)
0.311**
(0.132)

1.017
(0.667)
-0.174
(0.162)
0.266**
(0.115)

0.053***
(0.013)
-0.008
(0.005)
-0.014
(0.009)
0.069***
(0.022)
0.014
(0.013)
-0.333
(0.488)
0.204
(0.159)
0.402***
(0.117)

61
0.410

62
0.377

61
0.506

Govt spending pc
Sectoral demand
Formality rate 2008
Constant

0.171**
(0.072)
0.027***
(0.007)

Observations
R-squared

62
0.131

0.082
(0.090)
0.128***
(0.047)

0.088
(0.121)
-0.141
(0.088)

0.103
(0.089)
0.262**
(0.109)

0.109
(0.068)
0.401***
(0.117)

62
62
62
62
0.208
0.193
0.340
0.488
Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

0.024
(0.015)

Table 1: Regressions for the change in the formality rate (ratio of formal employment to working age population) between
2008 and 2013 for Colombian cities. Explanatory variables include complexity potential in 2008, the working age population
in 2008, GDP per capita in 2011 (as it is not available for earlier years) and the formal occupation rate in the base year 2008.
Also tested is the influence of exogenous demand shocks facing cities: due to the presence of the oil industry, to government
expenditure changes and to nationwide sectoral shocks. We observe that complexity potential is a robust determinant of
formal employment changes.
VARIABLES
Log Complexity Potential
Log working age pop 2008
Log GDP per capita 2011
Binary oil: one well/1000
Log CP x Binary oil
Govt spending pc

(1)

(2)

(3)

(4)

0.052***
(0.012)
-0.009*
(0.005)
-0.014
(0.009)
0.035
(0.150)
-0.014
(0.054)

0.011
(0.031)
-0.013**
(0.005)
0.004
(0.010)

0.036**
(0.016)
-0.019**
(0.008)
0.008
(0.008)

-0.026
(0.028)
-0.019***
(0.007)
-0.016*
(0.009)
-0.073
(0.129)
-0.047
(0.049)
0.340**
(0.129)
0.107**
(0.042)
2.500*
(1.462)
1.149**
(0.534)
0.410**
(0.202)
0.294**
(0.117)

Log CP x Govt spending pc
Sectoral demand

0.293**
(0.144)
0.090*
(0.046)

Log CP x Sectoral demand
Formality rate 2008
Constant
Observations
R-squared

0.113
(0.068)
0.413***
(0.119)

0.111
(0.090)
0.165
(0.144)

3.071**
(1.491)
0.798
(0.496)
-0.054
(0.165)
0.286**
(0.116)

62
61
62
0.489
0.459
0.401
Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

61
0.595

Table 2: Regressions for the change in the formality rate (ratio of formal employment to working age population) between 2008
and 2013 for Colombian cities including interaction terms between complexity potential and exogenous shocks in order to test
if complexity potential operates as a channel of transmission of the shocks, which it does in some cases.

significant and very stable after accounting for a number of possible confounding effects, including not
just the initial conditions but a diversity of exogenous demand shocks facing cities due to the presence
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VARIABLES
Log Complexity Potential
Log working age pop 2008
Log GDP per capita 2011
Binary oil: one well/1000

(1)

(2)

(3)

(4)

(5)

(6)

0.0594***
(0.0160)
-0.0146**
(0.00675)
0.0132*
(0.00727)

0.0506***
(0.0129)
-0.00749*
(0.00436)
0.00800
(0.00903)

0.0636***
(0.0148)
-0.0123**
(0.00491)
0.00835
(0.00777)

0.0573***
(0.0130)
-0.0110**
(0.00482)
0.0146**
(0.00637)

0.0535***
(0.0121)
-0.00969**
(0.00462)
0.00822
(0.00697)

-0.00874***
(0.00190)
0.120*
(0.0618)
0.229**
(0.104)

0.0119**
(0.00462)
-0.000702
(0.00323)
-0.0109***
(0.00276)
0.111*
(0.0572)
0.222**
(0.108)

0.0512***
(0.0124)
-0.00779
(0.00499)
-0.00794
(0.00716)
0.0444***
(0.0148)
0.00843
(0.00975)
-0.0745
(0.537)
0.0112**
(0.00487)
-0.000888
(0.00316)
-0.00914***
(0.00255)
0.144
(0.171)
0.330***
(0.113)

55
0.575

55
0.637

Govt spending pc
Sectoral demand
Infrastructure

0.00348
(0.00504)

Institutions
Higher Education
Formality rate 2008
Constant
Observations
R-squared

0.103
(0.0890)
0.262**
(0.109)

-0.00570**
(0.00259)

0.0141
(0.0640)
0.193
(0.119)

0.0773
(0.0668)
0.325***
(0.120)

62
55
55
55
0.340
0.346
0.383
0.503
Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Table 3: Here we test alternative hypotheses of formal employment creation: quality of infrastructure, quality of institutions,
and amount and quality of higher education. All regressions include the initial conditions (working age population, GDP per
capita and formal occupation rate). Good public infrastructure contributes to formal employment creation but neither good institutions nor higher education do, which get the wrong sign. Complexity potential is robust to the inclusion of these additional
variables.

of the oil industry, to government expenditure changes and to (Bartik-style - McGuire and Bartik, 1991)
nationwide sectoral shocks. The results suggest that, holding everything else constant, a 1 percent increase in complexity potential is associated with a 5 percent point increase in the rate of formality in the
Colombian cities over the five-year period studied (2008-13).
Furthermore, the results of Table 1 shed some light on an alternative hypothesis recently put forward by
La Porta and Shleifer (2014), namely that productivity is the main determinant of labor formality. GDP per
capita, which is intended to account for differences in productivity, is weakly significant and not robust.
Although the evidence is ambiguous, the hypothesis may be consistent with the mechanism proposed
by us because higher productivity may be a consequence of the growth of complexity.
Next we consider the possibility that complexity potential transmits shocks. For example, we ask whether
a combination of complexity and government spending explains changes in formality rate (i.e., is government spending effective in increasing formal employment when the level of complexity potential is high)?
Table 2 addresses the issue with the inclusion of interaction terms of complexity potential and each of the
shocks. The results clearly indicate that complexity is a channel of transmission of government spending
shocks (regressions 2 and 4), and less clearly of nationwide sectoral demand shocks (regressions 3 and 4).
Under an equilibrium model, we would not expect complexity potential to be independently significant
for the creation of formal employment when a shock is applied. Outside of the equilibrium assumption
(and consistent with the theory of complexity, see Beinhocker, 2006), however, complexity potential may
operate independently as an organic source of formal employment creation. Regression 4 suggests that
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complexity potential does not operate as an autonomous source of formal employment growth yet due
to the large number of regressors in relation to the sample size, no final conclusion can be drawn from
these results.
Other alternative explanations of (in)formality are tested in Table 3. The regressors of interest are indicators of the quality of urban infrastructure, the quality of public institutions and the amount and quality of
high education. Following the methodology of the Global Competitiveness Report (Schwab and Sala-i
Martín, 2013), this information is collected annually since 2013 for 26 of the 33 Colombian departments
including Bogota DC (Consejo Privado de Competitividad). We have attributed to 55 cities the information by department for 2013. The quality of infrastructure is significant with the right sign in regression 6,
but the other two variables always get the wrong sign (significantly on occasions). Importantly, complexity potential, our main explanatory variable, is always significant with a very stable coefficient. Therefore
the alternative explanations do not fare very well vis-a-vis the mechanism proposed by us.
Finally, in Table 4, the sample is split in alternative ways in order to further test the robustness of the main
explanatory variable. All columns include, in addition to complexity potential for the relevant subsample,
the initial conditions (namely working age population, GDP per capita and formal occupation rate). The
first four columns compare large and small cities: the relevant coefficient is strongly significant in both
cases (before and after controlling for shocks), but about twice as large in the smaller cities, suggesting that developing productive know-how in industries technologically close to more complex industries
pays a larger dividend in terms of formal employment creation in the smaller cities. When industries
are split between high and low complexity (and complexity potential recalculated accordingly), the coefficient is always significant but several times larger for high-complexity industries (columns 5 through
8). Therefore, by developing know-how closer to that deployed in more complex industries, cities can
create more formal employment than by focusing on the skills needed in the low-complexity industries.

6 Conclusion
This is the first paper to assess the role that city population size plays in formal employment creation. This
is an important issue because formal employment rates show a larger variance across cities than across
countries. Therefore the focus on the national-level determinants of (in)formality is at least incomplete,
if not misleading. We have proposed a mechanism to explain why larger cities generate more formal
employment: urban agglomeration facilitates the exploitation by firms of a more diverse pool of skills in
new complex industries that absorb workers into the formal sector.
Making use of the notion of 'industry economic complexity', we showed that industries that are more
complex increase in size faster with working age population. More complex industries do not directly
absorb workers from outside the formal sector. Rather, workers tend to enter low complexity sectors,
and transition with low probability to more sophisticated economic activities. Hence, larger cities, with a
deep and diverse labor pool, are more likely to develop complex industries. In order to test the predictive
power of the mechanism proposed, we defined a measure of 'complexity potential' which characterizes
the potential of a city to diversify into more complex sectors. A well-positioned city, exhibiting high
complexity potential, is typically host to a number of industries that share skills with higher complexity
industries primed to absorb new workers into the formal sector. A number of econometric tests indicates
15

VARIABLES
Log Complexity Potential
Log Complexity Potential (low)

(1)
High WP

(2)
High WP

(3)
Low WP

(4)
Low WP

0.052**
(0.020)

0.052***
(0.014)

0.105**
(0.042)

0.103**
(0.048)

Log Complexity Potential (high)
Log working age pop 2008
Log GDP per capita 2011
Formality rate 2008
Formality rate 2008 (low)

-0.024
(0.017)
0.017
(0.011)
0.093
(0.130)

-0.024
(0.019)
-0.030*
(0.015)
0.407
(0.305)

-0.020**
(0.008)
0.006
(0.010)
0.080
(0.088)

-0.017*
(0.009)
-0.008
(0.010)
0.090
(0.246)

Formality rate 2008 (high)
Binary oil: one well/1000
Govt spending pc
Sectoral demand
Constant

0.306
(0.245)

Observations
R-squared

31
0.350

0.110***
(0.036)
0.017
(0.013)
-0.965
(1.125)
0.707**
(0.270)

0.526**
(0.232)

0.036**
(0.017)
0.015
(0.013)
0.014
(0.700)
0.595**
(0.252)

(5)
High PCI

(6)
High PCI

0.045***
(0.017)

0.044***
(0.013)

-0.013**
(0.006)
0.008
(0.006)

-0.007
(0.004)
-0.011
(0.008)

0.125
(0.103)

0.292*
(0.173)

0.287**
(0.127)

0.057***
(0.017)
0.013
(0.011)
-0.599
(0.441)
0.378***
(0.124)
61
0.457

30
31
31
62
0.606
0.272
0.375
0.281
Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

(7)
Low PCI

(8)
Low PCI

0.010***
(0.003)
0.001
(0.002)
0.005
(0.003)

0.008***
(0.003)
0.001
(0.002)
-0.002
(0.003)

-0.087
(0.091)

-0.014
(0.037)

-0.085
(0.145)
0.010*
(0.005)
0.001
(0.002)
0.131
(0.095)
0.033
(0.035)

62
0.325

61
0.470

Table 4: Here we perform further experiments to test the robustness of our findings. Columns 1 to 4 split the city sample by the
size of the working age population; columns 5 to 8 keep all the cities but split the industry set in each city by complexity level.
Complexity potential is always significant but has a larger impact on formal employment in smaller cities and in high-complexity
industries.

that complexity potential has strong predictive power and fares better than alternative explanations of
(in)formality. These results are analogous to those by Hidalgo et al. (2007) for nation-level economies,
where initial export complexity is a much stronger predictor of economic growth than other variables
often emphasized in the development literature, such as governance and education.
Several policy implications can be derived from these results. Most policy actions typically recommended
to reduce labor informality are operable at the national level only, and therefore allow for little or no policy action by sub-national governments or councils. They include lowering minimum wages and social
security contribution, as well as reducing tax rates (especially but not only on labor) and strengthening
enforcement capabilities. In our alternative view, the path to reducing informality in cities lies in facilitating the mobilization and enrichment of productive skills to develop more complex industries. Policy
interventions by sub-national governments may include:
1. Removing barriers, providing incentives and/or designing and implementing industrial reallocation plans for the development of industries with potential given the current availability of skills
(industries that can be readily identified in the case of Colombia via www.DatlasColombia.com);
2. Implementing training and technical education programs to fill the skill gaps facing industries of
high strategic value for the development of relatively complex industries (idem);
3. Facilitating skill matching by firms operating in these industries (through interventions such as making on-line job announcements compulsory, providing on-line advice to job applicants, etc.);
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4. Reducing agglomeration costs due to congestion and spatial segmentation affecting these industries.
On the latter point, follow on work by O'Clery and Lora (2016) has shown that urban agglomerations with
a 'diameter' of about 45-75 minutes commuting time maximizes the impact that the availability of skills
has on the ability of cities to generate formal employment. Hence, providing adequate public transport
is key to connecting firms to workers with a diverse skill set.
In general, an important issue for the effectiveness of these policies is that they should be designed and
implemented not necessarily at the municipality level, but at the metropolitan-area level at which the
local labor market operates, which may include more than one municipality and may not correspond to
the officially-defined metropolitan areas.
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A Information on Data Sources
A.1 Colombia
Our main data source is the administrative data PILA (the Integrated Report of Social Security Contributions), managed by the Colombia Ministry of Health and made accessible at the Colombian Atlas of
Economic Complexity. It contains information on formal employment by firms, municipalities and industries for 2008-2013. All types of sectors, including goods and services, are included (note that we use the
terms 'sector' and 'industry' interchangeably). We compute the monthly average number of individuals
per city per industry that contributed to the social security system - but were not self-employed. We call
this the formal employment for a given industry and city. We use data aggregated at four-digit industry
codes, using ISIC (revision 3.0) with 390 industries, and 62 cities.
Cities are defined using the methodology of Duranton (2013). Applying his algorithm to population and
commuting data by municipality from the 2005 Census by DANE (National Statistics Office) we obtain 19
urban areas that consist of two or more municipalities, comprising a total of 115 municipalities. Similar
to the standards of the US Office of Management and Budget (OMB) for metropolitan area delineations,
we add to these 19 urban areas another 43 individual municipalities with urban populations above 50,000
inhabitants in 2008 according to DANE, for a total of 62 cities.
The dependent variable in the regressions of Tables 1, 2, 3 and 4 is the change in the formality rate as
defined in the text, and computed from the social security system data mentioned above and working
age population data (see below). The main explanatory variable is complexity potential, computed from
the PILA data as explained in the text. Controls in the regressions of said tables, in addition to the initial
level of the formality rate, are computed as follows:
• Working age population in 2008, defined as population 15 or older, is calculated from population
data by age groups and municipality estimated by DANE. This variable (for 2008 and 2013) is also
used to compute the formality rate by city.
• GDP per capita in 2011 is computed from GDP estimates by municipality by DANE. No earlier
estimates are available.
• Oil producing city, a binary variable, which takes the value of one if the city has more than one oil
well in production per thousand inhabitants. Oil well data refers to 2014, as reported by Ecopetrol
(the Colombian hydrocarbon company) for their own internal records.
• Government spending shock is the change between 2008 and 2013 in total government spending (in 2008 prices) per working-age person. It is computed from municipality-level government
spending data compiled by CEDE.
• Sectoral demand shocks, sdsc , is a Bartik-style measure (see McGuire and Bartik, 1991) that summarizes for each city the mix of nationwide sectoral demand shocks facing the city. It is computed
as
f empc,i (2008)
sdsc = F ORc ∑
gi,c
(7)
i f empc (2008)
where gi,c = log[f empi (2013)] − log[f empi (2008)] is growth of employment of industry i excluding
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employment in industry i in city c. In other words, here f empi = ∑j∈J f empi,j with set J containing
all cities except city c.
• Government capabilities, higher education and transportation infrastructure for 2013 (the earliest
year available) are taken from Consejo Privado de Competitividad and Universidad del Rosario.
This data was collected for 26 of the 33 Colombian departments following the methodology of the
Global Competitiveness Report by Schwab and Sala-i Martín (2013). We have attributed the data
for the corresponding department to 55 cities (the departments of the remaining seven cities were
not covered).
A.2 Mexico, Brazil and USA
Data on formal employment for Mexico is publicly available (by municipality) from the Mexican Atlas of
Economic Complexity also produced by the Centre for International Development at Harvard (accessible
at www.complejidad.datos.gob.mx). Population by age groups is also publicly available for Mexico from
INEGI. We use the official definition of `Metropolitan Zones' from Conapo, for which there are 59 zones.
Formal employment data for Brazil comes from RAIS (by municipality) via Dataviva (www.dataviva.info).
The working age population data (by municipality/age group) is from census data 2010. A list of the 82
most populous cities based on the population of the municipality where the city is located was obtained
from IBGE.
Formal employment data for the USA is provided (by metropolitan area) from the County Business Patterns for 2013. The working age population is from the US Census by county. We use the standard
definition of Metropolitan Statistical Areas for the US from the US Office of Management and Budget,
of which there are 388.
A.3 Other Developing Countries
The data on formality rates over a collection of developing countries is based on information from SEDLAC (CEDLAS and The World Bank) for countries in Latin America and the Caribbean, and International
Labor Organization (ILO) for other countries. SEDLAC defines informal workers as salaried workers in
firms of less than 5 employees, non-professional self-employed and unpaid workers. ILO defines informal workers as those who in their main or secondary jobs are own-account workers, employers and
members of cooperatives or employed in their own informal sector enterprises. Working age populations (15 years or older) are taken from the same sources.

B

Industry Complexity

As proposed by Hidalgo et al. (2007), Hidalgo and Hausmann (2009) and Hausmann et al. (2011), the
complexity of an economy is related to the range of useful knowledge embedded in it. The industry
complexity metric, analogous to the previously defined product complexity metric for export data (Hidalgo et al., 2007), attempts to estimate the range of capabilities needed for that industry to be present
(in a city for example).
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∗

p < 0.05,

∗∗

p < 0.01,

∗∗∗

p < 0.001

Log WPop
1
0.157
0.678∗∗∗
0.130
0.293∗
-0.413∗∗∗

Log CP
1
0.800∗∗∗
0.214
0.558∗∗∗
-0.00731
0.248
-0.346∗∗
1
0.485∗∗∗
-0.730∗∗∗
-0.325∗
-0.612∗∗∗

1
-0.182
0.115
-0.903∗∗∗

(1)

1
0.553∗∗∗
0.397∗∗

1
0.535∗∗∗
0.425∗∗∗

Log CP x Binary oil

1
0.194
-0.0223
0.941∗∗∗

Binary oil

1
0.429∗∗
0.545∗∗∗

Infrastructure

FOR 2008

FOR 2008

1
0.485∗∗∗
0.714∗∗∗
0.376∗∗
0.591∗∗∗

Log GDPpc

1
0.157
0.678∗∗∗
-0.117
-0.174
0.587∗∗∗

1
0.800∗∗∗
0.214
0.558∗∗∗
0.0240
-0.0966
0.534∗∗∗

Log GDPpc

(1)

1
0.384∗∗
0.345∗∗
0.487∗∗∗

FOR 2008

1

Bartik

1

1
0.156

1

Log CP x Bartik

Higher Education

Log CP x Govt spending

1
0.174

Govt spend

1
0.613∗∗∗

Institutions

Table 5: Correlation Tables. Variables included in all tables are: the change in formality rate, log of the complexity potential, log working age population, log GDP per capita
and the formal employment rate in the base year 2008. The first table also includes variables for quality of infrastructure, institutions and higher education. The second table
has a binary variable for oil production in cities, government spending per capita and sectoral demand (Bartik). The third table includes these latter variables interacted with log
complexity potential.

∗

Change FOR
1
0.433∗∗∗
0.221
0.391∗∗
0.362∗∗
-0.513∗∗∗
-0.244
-0.396∗∗

Log WPop

1
0.485∗∗∗
0.500∗∗∗
0.123
0.385∗∗

Log GDPpc

Log CP

1
0.157
0.678∗∗∗
0.202
0.202
0.282∗

1
0.800∗∗∗
0.214
0.558∗∗∗
0.266∗
0.355∗∗
0.275∗

Change FOR
1
0.433∗∗∗
0.221
0.391∗∗
0.362∗∗
0.525∗∗∗
0.337∗∗
0.457∗∗∗

p < 0.001

Log WPop

Log CP

p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Change FOR
Log CP
Log WPop
Log GDPpc
FOR 2008
Binary oil
Govt spend
Bartik

p < 0.01,

Change FOR
Log CP
Log WPop
Log GDPpc
FOR 2008
Log CP x Binary oil
Log CP x Govt spending
Log CP x Bartik

p < 0.05,

∗∗∗

∗

∗∗

Change FOR
1
0.433∗∗∗
0.221
0.391∗∗
0.362∗∗
0.310∗
0.0483
-0.140

Change FOR
Log CP
Log WPop
Log GDPpc
FOR 2008
Infrastructure
Institutions
Higher Education

(1)

Industry complexity is measured empirically via looking at how diverse the cities are that have the industry (cities which are active in many industries tend to incubate complex industries), and how rare the
industries those cities have are (complex industries tend to be rare, so this is a measure of how many rare
industries these cities tend to have). Hence, it is computed by calculating the average diversity of cities
that make a specific product, and the average ubiquity of the other industries present in those cities. An
iterative sequence is formed under the 'Method of Reflections'.
Mathematically, if M is a matrix with entry Mc,i = 1 if city i has RCA in industry i, the diversity of city c
and ubiquity of industry i are defined as
kc,0 = ∑ Mc,i and ki,0 = ∑ Mc,i
c

i

Then the average diversity of city c and analogously the average ubiquity of industry i may be expressed
as:
1
1
kc,1 =
∑ M̂c,i ki,0 and ki,1 =
∑ M̂c,i kc,0 .
kc,0 i
ki,0 c
Continuing the iteration to step n, we reach a pair of expressions:
kc,n =

1
1
∑ M̂c,i ki,n−1 and ki,n =
∑ M̂c,i kc,n−1
kc,0 i
ki,0 c

which, via substitution, can be expressed in closed form for industry i:
ki,n = ∑ M̃ii′ ki′ ,n−2
i′

with entries of matrix M̃ :
M̃ii′ = ∑
c

Mc,i Mc,i′
kc,0 ki,0

Hence, if kn is a vector whose ith element is ki,n then:
kn = M̃ kn−2
and the application of eigenvalue methods enables us to obtain the long-run solution. In particular, the
Industry Complexity (Ci ) is the second largest eigenvector of M̃ .

25

