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ABSTRACT 
 

Job Search Channels, Neighborhood Effects and Wages 
Inequality in Developing Countries: The Colombian Case* 

 
This paper analyses the relationship between social networks and the job search behaviour 
of individuals. Networking is not only based on friends and relatives but also on 
neighbourhood. The geographic closeness is associated to social interactions. Individuals 
who are in physical and social proximity share the same sources of information, because 
they divide individual characteristics or because they learn from one another’s behaviour. 
Using data from Colombia in 2009 we explore how neighbourhoods have an effect on the 
channel used to search for a job (formal vs informal). People tend to opt for a formal or 
informal channel depending on the channel selected by employed people in their 
neighbourhood. In addition, we study the wage premium in using a formal or informal 
channel, exploring the inequality that can arise using a different job search method. Our 
results show that the neighbourhood affects the individual’s job search method and referral 
workers earn less wage at the bottom of the wage distribution with respect to non-referred 
workers. At the top of the wage distribution the difference observed is due to different 
characteristics between the two groups. Colombia presents persistent high levels of 
informality and inequality. These features impose important social and economic costs such 
as low tax collection, low employee protection and deficiencies in the labour intermediation 
process with strong informational asymmetries in the job search. New policies to regulate the 
labour market are need. 
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1 Introduction

Networking has increasingly become important not only in gaining friends but also for

job search. Social networks are an important source of information in the labour market

and many workers find jobs through friends and relatives. People that search for a job

have several options to find it: read newspapers, go to employment agencies, browse the

web and mobilise their local networks of friends and relatives. Empirical evidences indeed

suggest that about half of all jobs are found through contacts. Holzer (1988) shows that

among 16-23 years old workers who reported job acceptance, 66% used informal search

channels. More evidence also is reported by a recent study by Franzen and Hangartner

(2006), around 44% of the workers in the U.S. and 34% of the workers in Germany

have found their jobs through social networks. Individuals tend to use several sources of

information during the job search, and the literature has paid particular attention to the

choice of search channels and its impact on labor market outcomes (see e.g. Holzer, 1988;

Van den Berg and Van der Klaauw, 2006; Weber and Mahringer, 2008).

In particular, research distinguishes between two different search channels: formal and

informal. Formal channels are defined as search by newspaper advertisements, internet,

public employment office, etc., while informal refers to search via friends and relatives.

An extensive literature analyses the effect of networks and informal search on labour

market outcomes. One of the most important assumptions is that informal job contacts

reduce informational asymmetry and this is translated in terms of labour market outcomes

to higher wages and high job duration (Montogomery, 1991, Calvo-Armegol and Jackson,

2004, Bentolila et al., 2010). However, the empirical evidence is rather mixed. It has been

found that informal search channels can be associated with a premium as well as with a

penalty in terms of wages and employment stability (see Ioannides and Datcher Loury,

2004).

In this paper, we propose a new empirical strategy for identifying network effects on

the job search channel and labour market outcomes. We focus on the neighbourhood

effects, estimating the probability to find a job trough a informal and formal channel,

looking at the characteristics of the neighbourhood. We also account the effects of the

use of formal or informal channels on wages.

We show that the chance to get a job trough one channel (formal or informal) in-

creases with the type of neighbourhood. The geographic closeness is associated to social

interactions. Individuals who are in physical and social proximity share the same sources

of information because they share individual characteristics or because they learn from

one another’s behaviour (Manski, 2000), so that each worker has the same information by

people around him. Elliott (1999) finds that those in high-poverty neighbourhoods were

substantially more likely to use informal job-search methods than those from low-poverty
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neighbourhoods, because they share the same information. Topa (2001) finds geographic

correlations in patterns of unemployment across neighbourhoods and cites them as evi-

dence of positive correlation between employment and wages of networked individuals. He

finds that high unemployment rates were concentrated in relatively few areas of Chicago

in 1980 and 1990. Conley and Topa (2003) find that socioeconomic characteristics (and

in particular ethnic and occupational distance) explain a substantial component of the

spatial dependence in unemployment.

Using the Great Integrated Household Survey (GIHS) in 2009 for Colombia, which is

a national survey that has information at individual level on labour force of twenty-three

major cities and their metropolitan areas in Colombia, we find that the search channel is

influenced by the way that the neighbours found their current employment. Individuals

that live close to others and find a job by a formal network have more probability to

use the same channel. We also find a significantly positive effects of channel on wage

distribution. Inequality increase across people that use informal channels, especially at

the bottom of the wage distribution. From a policy point of view, to avoid this inequality,

the Colombian Government needs to take more actions to keep away spatial segregation

across people.

Colombia represents an ideal case to analyze the job search behaviour of individu-

als. Colombia is a medium-income nation characterised by a moderate but stable eco-

nomic growth accompanied by high levels of poverty, inequality and violence (Royuela and

Garćıa, 2013). As in other developing country regions, the labour market of Colombia

presents persistent high levels of informality and inequality. These features impose im-

portant social and economic costs such as low tax collection, low employee protection and

deficiencies in the labour intermediation process with strong informational asymmetries

in the job search.

Most of the existing literature on social networks is related to developed countries.

Scarce is the evidence in developing countries of the importance of social networks in

finding a job and the effects on labour market outcomes (see for example Banerjee and

Bucci (1995), Munshi (2003) and Wahba and Zenou (2005)). In a Latin American context,

specifically for Colombia, the only work is by Diaz (2012), who finds that individuals

who used informal channels were more likely to be employed and earn lower wages than

individuals using other job search strategies for the year 2002. However, this study does

not account for the network neighbourhood, or inequality across workers that have found

a job trough different channels.

The purpose of this study is to give new evidences in the context of a developing

country on network and job search considering the behaviour of neighbours, and whether

there is a wage premium or not in find with formal or informal contacts a job. To

the best of our knowledgement this is the first paper that studies the relation between
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neighbourhoods and the probability to find a formal or informal job.

The remainder of the paper is as follows: section 2 describes the model; section 3

presents the data used in the study; empirical methods and results are reported in Section

4; finally, section 5 is devoted to the discussion of results and conclusions.

2 The Model

In order to analyse the interaction among neighbourhoods on the labour market and the

probability to use a formal or informal channel to find a job, we propose a model in which

each individual can share information about job opportunities with his social contacts,

and employed people have more possibilities to transmit more information. Given that,

the probability to find a job trough a formal channel is greater if higher is the employment

rate of neighbourhood that have found the job with the same method.

We assume there are only two channels to find a job, formal f and informal inf . For

each individual the probability to find a job trough one of this channels depends on a set

of owner characteristics X but also on the information Ii that residents in block i share

with him. In particular, the information received by residents in block i is an increasing

function of the employment rate in the neighbourhood by the type of channel used to find

their job:

Ii = Nf/(Nf +Ninf ) (1)

Where Nf and Ninf represent the people in block i that have found a job through the

formal and informal Channel respectively. Under this assumption, we can calculate the

probability that an individual uses a channel instead of other as:

Prob(Cji) = γ +Xjiβji + θIi + uj (2)

Where the Cj is equal to 1 if the individual chooses a formal channel and zero oth-

erwise. This probability depends on a set of individual characteristics (Xji) such as age,

education..., and the ratio Ii of people that have found the job by formal channel.

After observing which channel the individual has used to find the job, we account for

a model to examine the difference in wage among individuals that use different channels.

We split the job candidates into two groups: the referrals (kR) and the non referrals (kNR).

We define a referral as any worker that has been recruited through a formal channel.

The total number of workers are Poisson-distributed with (large) mean kR and kNR

for referrals and not, respectively.

We have two possibilities of recruiting: by referral or formal (just considering the

curriculum). Following the model of Lang et al. (2005, 2010) and Lang and Manove
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(2003), we begin by assuming that workers and firms meet randomly. The firm does not

know ex ante the productivity of their candidate, so managers make a rank of preferences

considering first candidates with referrals, because this gives them a signal of productivity.

We assume that firms will make positive or null profits (but not negative profits) when

hiring someone for that position and only one meeting can take place in each period.

Given these assumptions the expected number of referrals is:

kR = p(w)kR,

and for the non referral candidate is:

kNR = p(w)kNR.

Then, the probability of hiring a referral or formal candidate would be respectively:

PR =
1− e−kR
kR

(3)

PNR = e−kR
1− e−kNR

k
NR

. (4)

This means that formal workers would be hired just in case a referral does not apply

for an open vacancy, see Manove and Lang (2003) for more details.

The expected wage paid for referral workers is:

WwR = W
1− e−kR
kR

. (5)

While for formal workers is

WwR = We−kR
1− e−kNR

k
NR

. (6)

The wage of formal workers is higher than that of referral workers if 1−e−kNR

k
NR

> 1−e−kR

kR
.

This implies that most workers are being hired with referral and that the network among

referrals is big. However, in Colombia we do not find this evidence, as we explain in the

empirical section, one possible explanation is due to that the two types of workers suffer

some segregation into labour market by firms or sectors.

In Section 3 we explain the empirical strategy followed to estimate the probability to

find a job trough a formal channel and the difference across wage distribution between

formal and informal channels.
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3 Data Description

As a developing country, Colombia presents a low quality of its institutional environment

and a marked heterogeneity in its labour market. The absence of an unemployment

insurance system, the poor performance of public job search programs and a high informal

employment level (ILO, 2011) impose important differences in the nature and impact of

the job search process.

The data used in this paper come from the Great Integrated Household Survey (GIHS)

for 2009, carried out by the National Administrative Statistics Department (DANE). This

cross-section survey has information at individual level on labour force of twenty-three

major cities with their metropolitan areas in Colombia.1. This survey gathers information

about the employment condition of people (whether they work, what they do, how much

they earn, whether they have social security for health care, or whether they are looking

for a job), as well as about the general characteristics of the population, such as sex, age,

marital status, educational level, sources of income and expenses.

The sample considered in this work is composed of employees between 16 and 65

years old who have found their jobs in the last year.2, our final sample consists of 42179

observations.3

Our variable of interest is the channel used to find the job. In the survey, workers are

asked to indicate how they have found their current job. There are seven possible job

search channels from which only one can be chosen:

1. through family, friends or other contacts;

2. by applying to the employer directly;

3. by applying to employment agencies or intermediaries;

4. by inserting or answering adverts in newspapers;

5. by applying to selection processes by convening, usually government enterprises;

6. through the information system of the SENA4;

7. other.

These seven alternatives have been regrouped to define two main search job channels:

formal and informal. In the first channel (formal) we regard alternatives 3, 4, 5 and 6,

while in the second channel we include alternatives 1, 2 and 7. Usually, this classification

1Namely, Medelĺın, Barranquilla, Bogotá Cartagena, Tunja, Manizales, Florencia, Popayan, Valledu-
par, Monteŕıa, Quibdó, Neiva, Rioacha, Santa Marta, Villavicencio, Pasto, Cúcuta, Armenia, Pereira,
Bucaramanga, Sincelejo, Ibagué and Cali.

2This restriction is necessary to avoid problems of bias because we do not have information about the
movements across years.

3Notice that all employers and self-employed are excluded here.
4SENA (Servicio Nacional de Aprendizaje), which is a national public institution that offers courses in

technical and vocational training to workers. This institution has an information system which connects
the unemployed with the vacancies generated by entrepreneurs. This service is free for both employees
and employers.
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is used by the major literature related to job search methods (see Holzer, 1988).

Another main variable we have built is the variable relative to neighbourhood, as a

factor that has an influence on the job search. Typically, the empirical literature on social

networks defines a network according to a geographic or cultural proximity to a group of

individuals. In this paper we use physical proximity among individuals as a measure of

social network. Specifically, we measure the social interactions on job search that operate

at the level of the residential neighbourhood. The underlying idea is that agents exchange

information about job opportunities more frequently with people who live physically close.

The neighbourhood effects variable is defined as the ratio of the number of individuals

who live in the same block i and have found a job through a formal channel in a common

economic sector s (Nformalcis) to the total number of individuals in the same block and

sector (Nis):

Neighborhood effectsis =
Nformalcis

Nis

(7)

The first evidence among job networks and neighbourhood can be found in Figure 1,

where we report nodes at city block level for Bogota city, and distinguish between residents

that have found previous jobs trough formal and informal channels in two different years

(2006 and 2009).5 As we can see, workers that use formal channels are very close to

each other and they increase across years in the neighbourhood where other workers have

previously used the same channel.

Table 1 depicts some descriptive statistics among variables used in this study, for all

samples and separately for types of channel. We can see how workers prefer to use informal

networks to find a job. This prevalence is due to the fact that the Colombian labour

market is not sufficiently institutionalized, which could indicate that there are significant

deficiencies in the labour intermediation process. Looking at the two groups we observe

that the average wage for formal channels is higher than that for informal channels.

Regarding human capital and personal characteristics we can see that workers who use

formal channels to find their job are, on average, three years younger and more educated

than those who use informal networks. Jobs found through formal channels present a

higher percentage of individuals with tertiary education (52%), while jobs found through

informal channels are preferred by individuals with primary and secondary education

(71%). There are not differences by gender, dependent kids or marital status between the

two channels.

Looking at the characteristics of employment we can see that jobs found using personal

contacts are jobs with less qualification, 61% (blue collar), while 56% of workers that have

used formal networks are managers or white collar. Jobs found through formal or informal

5The scale of city block in Colombia is comparable to that used in the US Census.
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channels appear to be generally concentrated in the private sector. A significant difference

between the two groups is found in the size of the firm: big firms prefer hire using formal

channels. Finally, data shows that 21% of workers of formal channels are employed in

the industrial sector, there is a similar percentage for jobs in the public administration,

followed by jobs in the commerce sector (17%). While, the use of informal channels leads

most likely to jobs in the service (23%) and commerce sector (21%).

In the next section we estimate the probability to use one channel instead of another

and the inequality on wage distribution between formal and informal channels.

4 Empirical Model and Results

4.1 Social interactions on job search channels

This section describes the methodologies used in the empirical analysis. We present

evidence on the empirical effect of job search method on both labour outcomes: the

probability of being employed, considering the neighbourhood network and the hourly

wages.

The first relevant outcome is the channel used to find the job, a binary variable equal

to one if individual j has found the employment through a formal channel.

The results are depicted in Table 2 using three different specifications: M1, where we

do not use any control; M2, where we include the industry, occupation and firm size as

controls; and M3 which includes M2 plus the city controls to capture any unobservable

region effects. The neighbourhood effects are positive in all specifications. The way

neighbours find their employment affects the individual’s own job search. When we control

for job characteristics, firm size dummies, city dummies, occupation and industry dummies

as additional explanatory variables, a higher proportion of neighbours who have found a

job by a formal channel increases the probability of using formal channels by 8.4 percentage

points.

Regarding the demographic characteristics variables used as controls, we find that

education has a positive relationship with the use of formal networks to find a job, in

particular at high education levels. This result demonstrates that individuals with a high

level of qualification usually do not seek a job through informal channels and/or firms

do not use informal channels to fill high-skilled positions. Therefore, an individual with

tertiary education increases the likelihood of using an formal job search channel by 3.6

percentage points. Age has a negative effect on the probability of using formal networks.

This may reflect the fact that older workers are less likely to actively search a job. Finally,

the variable related to the type of employment indicates that workers in the private sector

are more probable to search jobs through informal channels.
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These findings are a new evidence on the social interactions for search a job at neigh-

bourhood level.

4.2 Wage analysis between channels

The question we answer in this subsection is if jobs created by formal channels are better

or worse than those created by informal channels. In the literature the results still remain

controversial. Some researchers argue that the use of informal referrals in the job search

process leads to higher wages due to an improvement of the quality of the job match,

because potential employers and job seekers have access to better and more reliable sources

of information (Montgomery, 1991; Mortensen and Vishwanath, 1994; Simon and Warner,

1992). In contrast, there are some theories that postulate a negative relationship between

the use of informal referrals and wages, for example due to the fact that job seekers are

willing to sacrifice higher wages to obtain a position rapidly (Bentolila et al., 2010).

To address this point we first estimate the Kernel density of the logarithm of the wage

between the formal and the informal channel (see Figure 2). For both groups, the wage

is concentrated around the mean, however the formal channel presents a swift on the left.

People that enter with formal channel have better wage at the top of the distribution,

while at the bottom both groups are equally distributed.

To control for other variables that can affect the wage we estimate a percentile re-

gression by channel. The results, shown in Table 3, are quite different not only between

channels but also between percentiles. Age affects positively the wage for both groups,

however at high percentiles the value is bigger. Education, especially tertiary, increases

the wage in informal and formal channels, but it has not effect on formal at the 20th

percentile. Male and marital status have a positive effect on wage, but are not significant

at the bottom and at the top for the formal channel. Dependent kids affect negatively

the wage for workers with informal job search, such as the private sector. Same results

can we have for formal channel after the 20th percentile.

Workers that use informal networks may be non randomly selected, they are more likely

to use informal channel due, for example, to their abilities or skills, which are not observed.

Although Diaz (2010), with several estimations, excludes this type of selection between

formal and informal channels in Colombia, we estimate a quantile wage distribution model

that allow us to look at the effects of the channels, distinguish between the difference due

to observable characteristics and not among workers wage’s.

Koenker-Basset (1978) proposed a complete new and different method of calculating

the quantile regression. It can be estimated by minimizing β(τ) the following expression:

β̂(τ) = min n−1

[
n∑
i

ρτ (Yi −Xiβ)

]
, (i = 1, .....n),
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with the check function ρτ weighting the residuals µi asymmetrically:

ρτ (µi) =

{
τµi if µi ≥ 0,

(τ − 1)µi if µi < 0.

Starting from the study of Koenker-Basset (1978), Machado and Mata (M-M) in 2005

proposed a method to extend the traditional Oaxaca-Blinder decomposition based on the

quantile regression. Considering two groups, 0 and 1, whose stochastic characteristics for

each group are X0 and X1, the regression quantile can be written for each group as:

Qy(Y |X) = Xiβ(τ) ∀τ, i ∈ (0, 1) (8)

where Y |X is the conditional quantile. M-M propose an estimation of the counterfac-

tual unconditional wage distribution, generate a random sample of size m from a uniform

distribution U[0, 1], and then calculate the conditional quantile regression for each group.

They simulate the wage distribution of the second group on the basis of the wage distri-

bution and the characteristics of the first group, and repeat these steps m times.

The difference of the unconditional quantiles between the two groups can be decom-

posed as:

F̂−1
Y 1 (θ|T = 1)−F̂−1

Y 0 (θ|T = 0) = F̂−1
Y 1 (θ|T = 1)− F̂−1

Y 1 (θ|T = 0)︸ ︷︷ ︸
Characteristics

+F̂−1
Y 1 (θ|T = 0)− F̂−1

Y 0 (θ|T = 0)︸ ︷︷ ︸
Coefficients

where F̂−1
Y t (θ|T = t) denotes the θth quantile of wage Y for groups t’s while F̂−1

Y 1 (θ|T = 0)

is the counterfactual unconditional wage distribution.

In Figures 3, we present Machado and Mata model of wage decomposition by channel

used to seek a job. In this Figure we portrait the decomposition of the wage in coefficients

and characteristics. In addition, we also show the overall and interval of confidence of

the coefficients. We can observe that the wage gap between formal and informal channel

is positive. Part of this gap is due to the difference in the coefficients (unobservable),

especially at the bottom of the distribution. One possible explanation comes from the fact

that jobs found through informal referrals are obtained more quickly but also with lower

wages. Another possible explanation is that referred workers are segregated into types of

jobs with respect to no referred. Instead, looking at the top of the wage distribution, the

wage gap between the two channels is due to different characteristics between individuals

that use formal and informal channels. The returns on formal channels are quite huge

with respect to the informal ones.
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5 Conclusion

This paper carries out a first evidence about the relationship between social networks, the

neighbourhood effect and the job search. Networking is not based just only on friends and

relatives, but physical and social proximity are also important to influence the individuals

behaviour. Information about jobs can be derived by people that are employed and live

close to job seekers. Using data from Colombia we explore how the neighbourhood has

an effect on the channel used to search a job. In addition, in this research we analyse

the distribution of the wage between referred and non referred workers, distinguishing the

wage gap between the two groups in difference due to characteristics and to unobservable.

Our results confirm the theory that proximity is a social interaction and has an influ-

ence on job search methods. People tend to use a formal or informal channel influenced

by their neighbours’ choice. Moreover, informal channels are more used by workers who

find low occupations and in small firms. Big firms prefer to hire by no referral.

We also test the presence or not of a wage premium for workers referred and not. The

wage distribution across people who have used a formal or an informal channel presents

differences at the bottom of the wage distribution with a disadvantage for the latter.

This differences are due to unobservable effects, such as poor matching or segregation in

some kind of jobs, while at the top of the wage distribution the difference between the

two groups is due to the different characteristics among them. It would be interesting

to extend this analysis in a longitudinal way and follow the workers to also look at the

duration or their carrier, however at the moment this is not possible because Colombia

does not have such kind of database.

This study shed light on the mechanisms of social networks and labour outcomes in

Colombia, a developing country where the labour market is highly informal, and where

the Government needs to address policies to better regulate the labour market and avoid

inequality across workers.
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Table 1. Summary statistics

All sample
Job search channels

Informal Formal
Mean Std. Dev. Mean Std. Dev. Mean Std. Dev.

Hourly wage $ 1.49 1.33 1.43 1.28 2.05 1.73
Male 0.49 0.50 0.49 0.50 0.51 0.50
Age 30.88 10.39 31.07 10.51 28.51 8.42
Education:
Less than primary 0.02 0.13 0.02 0.13 0.001 0.02
Primary 0.34 0.47 0.36 0.48 0.08 0.27
Secondary 0.35 0.48 0.35 0.48 0.40 0.49
Tertiary 0.29 0.45 0.27 0.45 0.52 0.50
Married 0.44 0.50 0.44 0.50 0.40 0.49
Dependent Kids 0.39 0.49 0.40 0.49 0.35 0.48
Region:
Atlantic 0.24 0.43 0.24 0.43 0.24 0.43
Oriental 0.19 0.39 0.19 0.39 0.16 0.37
Central 0.35 0.48 0.35 0.48 0.35 0.48
Pacific 0.14 0.35 0.14 0.35 0.14 0.35
Bogota 0.08 0.28 0.08 0.27 0.10 0.31
Private sector 0.97 0.18 0.97 0.16 0.84 0.36
Occupation: 6.76 2.47 6.83 2.43 5.84 2.69
Manager 0.07 0.25 0.07 0.25 0.10 0.30
White collar 0.05 0.22 0.05 0.21 0.10 0.30
Low white collar 0.28 0.45 0.28 0.45 0.36 0.48
Blue collar 0.20 0.40 0.20 0.40 0.16 0.37
Low blue collar 0.40 0.49 0.41 0.49 0.27 0.45
Size firm:
1 - 10 emp 0.52 0.50 0.56 0.50 0.08 0.27
11 - 50 emp 0.16 0.36 0.16 0.37 0.13 0.33
51 or more emp 0.32 0.47 0.28 0.45 0.79 0.41
Sector:
Agriculture 0.02 0.13 0.02 0.13 0.02 0.14
Industry 0.15 0.35 0.14 0.35 0.21 0.41
Building 0.09 0.29 0.10 0.30 0.01 0.11
Commerce 0.21 0.40 0.21 0.41 0.17 0.38
Hotel 0.08 0.28 0.09 0.28 0.03 0.18
Transport and tel 0.07 0.26 0.07 0.26 0.09 0.28
Financial 0.08 0.28 0.08 0.27 0.12 0.33
Adm. Pub 0.08 0.27 0.07 0.25 0.21 0.41
Service 0.22 0.41 0.23 0.42 0.13 0.34
N 42179 39036 3143
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Table 2. Probability models
M1 M2 M3

Neighborhood effects 0.199*** 0.094*** 0.084***
(0.014) (0.015) (0.015)

Age 0.0001 -0.003*** -0.003***
(0.001) (0.001) (0.001)

Education:
Primary 0.005** -0.005* -0.006**

(0.003) (0.003) (0.003)
Secondary 0.065*** 0.019*** 0.017***

(0.003) (0.003) (0.004)
Tertiary 0.111*** 0.036*** 0.036***

(0.004) (0.005) (0.005)
Male 0.015*** -0.004 -0.004

(0.003) (0.003) (0.003)
Marital 0.004 -0.002 -0.001

(0.003) (0.003) (0.003)
Dependent kids -0.005 -0.004 -0.003

(0.005) (0.005) (0.005)
Private sector -0.155*** -0.162***

(0.013) (0.013)
Constant 0.006 0.226*** 0.240***

(0.011) (0.019) (0.019)
N 42179 42179 42179
Firm size dummies N Y Y
Occupation and industry dummies N Y Y
City dummies N N Y

Robust standard errors in parentheses. Less than primary education as reference

for education * p < 0.10, ** p < 0.05, *** p < 0.01

Figure 2. Kernel density of log wage by formal and informal channel
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Table 3. Log Wage at different percentile
Job search channels

Formal Informal Formal Informal Formal informal
Q20 Q50 Q80

Age 0.067*** 0.040*** 0.030*** 0.031*** 0.025*** 0.024***
(0.008) (-0.002) (0.007) (0.002) (0.009) (0.002)

Age2 -0.001*** -0.0003*** -0.0002*** -0.0005*** -0.0004* -0.0002***
(0.0001) (0.0001) (0.0001) (0.00003) (0.00002) (0.00002)

Education:
Primary -0.242 0.160*** -0.005 0.201*** 0.123 0.163***

(0.193) (0.019) (0.096) (0.020) (0.095) (0.023)
Secondary -0.087 0.320*** 0.093 0.357*** 0.222** 0.304***

(0.191) (0.020) (0.096) (0.020) (0.099) (0.024)
Tertiary 0.015 0.532*** 0.199** 0.603*** 0.453*** 0.604***

(0.191) (0.020) (0.094) (0.020) (0.104) (0.026)
Male -0.011 0.090*** 0.024 0.099*** 0.049** 0.103***

(0.017) (0.008) (0.016) (0.006) (0.020) (0.007)
Marital 0.035* 0.051*** 0.008 0.049*** 0.014 0.056***

(0.021) (0.007) (0.018) (0.005) (0.025) (0.007)
Dependent kids -0.029 -0.039** -0.050 -0.025** 0.016 -0.025**

(0.034) (0.015) (0.038) (0.012) (0.041) (0.011)
Private sector 0.014 -0.325*** -0.229*** -0.387*** -0.301*** -0.395***

(0.053) (0.020) (0.055) (0.017) (0.062) (0.025)
Constant 6.530*** 6.750*** 7.843*** 7.400*** 8.120*** 8.085***

(0.243) (0.043) (0.166) (0.042) (0.173) (0.050)
N 3143 39036 3143 39036 3143 39036
Firm size dummies Y Y Y Y Y Y
Occupation and Industry dummies Y Y Y Y Y Y
City dummies Y Y Y Y Y Y

Robust standard errors in parentheses. Less than primary education as reference for education

* p < 0.10, ** p < 0.05, *** p < 0.01

Figure 3. Quantile Decomposition
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