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ABSTRACT

Despite the literature in the richest countries about the positive correlation between Internet and
income, there is still an open question about the utility of this technology the developing world.
This paper uses Propensity Score Matching and includes demographic and industry
characteristics, which is the best possible way to control for the productivity of each worker. The
matching model meets a broad common support, close gaps between control and treated
individual after matching and holding the results for different matching techniques. The results
present a positive and statistically significant correlation between Internet and income in
Colombia. The key contribution of this paper is to show that the lowest wage premium for using
Internet is in the middle of the skill distribution, as in the developed world. Nonetheless,
Colombia differs to these countries in the tales of the skill distribution because the highest wage
premium is for the lowest skill workers.
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RESUMEN

A pesar de la literatura en paises ricos acerca de la correlacién positiva entre Internet e
Ingreso, la pregunta sigue abierta en el mundo en desarrollo. Este paper usa el método de
emparejamiento e incluye caracteristicas demogréficas y de la industria, la cuales son la mejor
aproximacion posible de productividad individual. EI método de emparejamiento cumple con un
amplio soporte comun, cierra las brechas entre controles y tratados después del
emparejamiento y mantiene los resultados para diferentes técnicas de emparejamiento. Los
resultados presentan una correlacion positiva y significativa entre Internet e ingreso en
Colombia. La contribucién principal es mostrar que la prima salarial por usar Internet es mas
baja en el medio de la distribucién de habilidades, al igual que en los paises desarrollados. Sin
embargo, Colombia difiere con estos paises en las colas de la distribucion porque la prima
salarial mas alta es para los trabajadores con menores habilidades.
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Abstract

Despite the literature in the richest countries about the positive correlation be-
tween Internet and income, there is still an open question about the utility of this
technology the developing world. This paper uses Propensity Score Matching and
includes demographic and industry characteristics, which is the best possible way
to control for the productivity of each worker. The matching model meets a broad
common support, close gaps between control and treated individual after match-
ing and holding the results for different matching techniques. The results present
a positive and statistically significant correlation between Internet and income in
Colombia. The key contribution of this paper is to show that the lowest wage
premium for using Internet is in the middle of the skill distribution, as in the de-
veloped world. Nonetheless, Colombia differs to these countries in the tales of the
skill distribution because the highest wage premium is for the lowest skill workers.
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1 Introduction

The impact of new technologies on productivity is one of the main questions around the
world because they can simplify routine tasks, which leaves more free time for thinking
and solving problems. In particular, Internet is the key to a universe of communication
and education tools, where having a computer without Internet is almost useless because
there is not possibility of accessing to these tools. Indeed, developing countries are very
interesting in the effects of using Internet given the open questions about how people
can improve their quality of life and access to Internet can be part of the solution. The
Internet also is a mechanism through which the public sector builds policies of huge
impact around all the country and particularly for the farthest places from the urban
centers. Finally, policy makers want to know whether the expensive made in Internet is
cost-efficient and how Internet can increase the competitiveness of the country.

In the world, the access to Internet is highly heterogeneous across regions. In 2015,
Europe has on average 82 Internet user per 100 people, North America has 86 and South
America has 51. For this regions, the latter has the highest variation between countries.
Bolivia, for example, is in the bottom of the distribution with 35 Internet user per 100
people, Argentina in the top with 65 and Colombia is just on the average. This rank
is very similar, looking for the per capita GDP in South America because Colombia
is also neither the richest country, nor the poorest (World-Bankl [2015). This makes
Colombia an interesting study case for all the region, where there are questions about how
people can improve their wealth and there is an effort from the government on increasing
the use of Internet[] The Colombian government invest 0.8% of the total budget in
communication projects, this expenditure is in 15 out of 30 sectors, ordering government
spending upwards (MinHacienda), |2014). Under this context, the research question is:
what is the impact of the Internet on the labor income in Colombia? Furthermore, the
available information in this country allows us to analyze four complementing hypothesis:

first, the general impact of using Internet, second a heterogeneity effect depending on the

'In 2013, the percentage of households with access to Internet in developed countries was 76%, in
America 51% and in Colombia 36%. In terms of individuals, the situation is similar, 75% in developed
countries, 61% in America and 52% in Colombia (MTIC] [2014]).



place of access, third the impact of the activities done on the Internet and forth who earns
more for using Internet the high skill workers or the low skill. Therefore, this paper fills
the gap in the literature about the benefits from the Internet in developing countries and
provides an empirical support for future investments from the public and private sector
in new technologies involving Internet use. Even this study contributes for countries with
similar income and challenges in other regions such as Asia and Africa, where the Internet
can help to face poverty. In fact, this is a unique study in the country and a benchmark
to compare with other studies in other countries in the region, such as |[Navarro| (2010)).
There are empirical and theoretical studies about the impact of new technologies on
earnings for developed countries (Acemoglul, (1998 |Autor, Levy, & Murnane) 2003} [Bar-
tel, Ichniowski, & Shaw| [2007). The main idea of these studies is that workers become
more productive when they manage new technologies because they can do either more
complex or faster tasks than workers without this skill. The labor market notices the
rise of abilities, which causes a wage premium for using technology. Although the first
studies focus on the appearance of the computer, having this machine is highly related
to using Internet in this time] Hence, using Internet has many advantages that only
this tool brings such as accessing to information, job vacancies, belonging to the network
of professional contacts and obtaining training in education programs. Empirical studies
have used parametric and non-parametric models to estimate the effects of the Internet
on earnings (Forman, Goldfarb, & Greenstein, 2012, |DiMaggio & Bonikowski, 2008). The
parametric models use the ordinary least square (OLS), applying a mincer equation with
a dummy equal to 1, when an individual uses Internet. These models estimated bias coef-
ficients because there is a problem of omitted variable, and then the coefficient associated
with the impact of the Internet is related to other unobservable variables. Furthermore,
there is not a natural experiment in Colombia where the treatment is randomly assigned
and then the estimators suffer from selection bias, because people choose using Internet
according to their own characteristics. The non-parametric models use Propensity Score

Matching (PMS) to deal with the omitted variables and bias selection. The method al-

2In Colombia, for example, Only 6% of the households with computer does not have Internet.



lows comparing the close people in characteristics, whose only difference in the outcome
is being in the treated or controlled group. In this paper, non-paremtric estimations are
robust under all the requirements, such that satisfying extensive common support, the
gap between treat and control groups are closed in observed and unobserved variables,
the results are maintained in sign and statistically significant when controls are included
and the methodology of matching is changed.

Using a household surveys from 2009 to 2011 (Colombian Great Integrated Household
Survey, GEIH), this study finds a positive and significant correlation of using Internet
on labor income in OLS and PSM models. On average, Internet users earn 6.5% of one
standard deviation more than not users. For places of access, Internet users at work earn
28.4% and user at home 17.4% of one standard deviation more than not users. Workers
using Internet for education and bank service earn 7.1% of one standard deviation more
than people using Internet for downloading music and search for videos. Finally, the
wage premium depends on the occupation (skill) of each worker, being the middle of the
skill distribution the less benefited, as in the developed world. Nonetheless, the higher
wage premium is in the lowest tale of the distribution, where farmers and miners using
Internet gain 20.7% of one standard deviation more than not users in the same occupation.
In general, the OLS model overestimated the results because this empirical strategy
cannot eliminated the bias coming for the not random assign of the treatment. Whereas,
matching model compare the individuals as similar as possible, even in productivity.

The structure of the paper is as follows: Section [2| presents the literature review about
the mechanism of the impact of new technologies and earnings. Section |3 provides a dis-
cussion about how the impact of the new technologies is estimated and some results in
other countries. Section [4| builds up four hypothesis to develop the research question.
Section [5| presents the empirical strategy, using the parametric model (OLS) and non-
parametric (PSM) model, including industry controls, which work such as the best proxy
of productivity. Section [0] explains the database and the descriptive statistics depending
on the treatments: Internet use, Internet use at work, Internet use at home and Produc-

tive users. Section [7| shows the results for OLS and PSM, as well as robustness check



from the daily Internet use. Finally, Section [§ presents the conclusion and final remarks.

2 New Technologies and Earnings

There are many studies about the relationship between technology and wages, mainly for
United States. Since the start of the computation era, there is a rise in the demand for
college graduates, who can manage this new technology. Thus, there is a wage premium
in favor of technology users in the long term. This is also known as the canonical model,
which has explained empirically the evolution of skill premium under the increment of
computers (Acemoglu & Autor} 2011). After 1980, computer capital can replace workers
in manual tasks, which follow a explicit rule, and complement workers in non-routine
tasks such as communication and solving problems (Card & DiNardo|, [2002; |Autor et
al, [2003)). This causes a polarization of the labor market in United States, divided into
well-paid (skilled) and not well-paid (unskilled) workers (Autor, 2015). In addition, the
change in wage is not strikingly monotone across skills because the lowest premium is in
the middle of the distribution, instead of being in the bottom, then there is a U-shape
in the relationship wage and skills. Such that the automation coming from technology
reduces more the demand for middle skill worker than the demand for lower skill workers
(Autor & Dorn|, 2013). This same pattern is also found in 16 countries in Europe (Goos,
Manning, & Salomons, [2009) and United Kingdom (Acemoglul, (1999; |Goos & Manningj,
2007)).

Nowadays, labor market requires mainly the use of Internet to access a quality job
because online skills help people to perform their work with higher efficiency. Worker
with relatively high ability are more likely to move to non-routine cognitive occupation,
while people with low ability relatively stay in routine jobs with less growth pay (Cortes
et al., 2016|). The Internet also makes easy that workers move to a better jobs because
they can find the labor demand concentrate in one place (McDonald & Crew Jr| [2006)).
In United States, workers who use Internet earn 13.5% more than not users. This wage

premium is even higher in industries less intensive in technology, where the only one who



uses Internet is the person who can perform the most difficult tasks (Goss & Phillips,
2002). Using panel data, DiMaggio and Bonikowski (2008) also found an increase of 20%
in hourly wage of workers for using Internet, not just computers. This shows that this
tool is useful for finding information and makes simpler communication. In fact, Bartel
et al.| (2007) present that companies incentive workers to obtain human capital, when
they invest in Internet and other technologies. Gust and Marquez (2004)), for example,
show that the more flexible regulation in information technology in United State explains
in part the fact that this country has higher productivity than 13 industrial countries
in the OECD. In developing countries, [Paunov and Rollo| (2016) emphasize that using
Internet also impacts the productivity positively, where firms with the most sophisticated
production have the highest gain from this technology.

Internet is important in the labor market and in the daily life. The massive me-
dia moving to online channels make the web a focus of culture, education, politics and
personal relationships. Indeed, Internet can reduce the isolation, the social exclusion
and the physical disabilities, which also affect the productivity (Foley|, 2004; Chigona,
Beukes, Vally, & Tanner, 2009; Dobransky & Hargittai, [2016). In fact, a biggest change
in technology is not a requirement to have high effects in quality life. |Blanco and Vargas
(2014)), for instance, show that sending message to vulnerable population, saying what
rights they have and where they can ask for them, increase the access to public aids
and their welfare Therefore, there is a open debate about the impact of the Internet in
different variables, but the majority of the discussion takes place in richest countries. For
this reason, this study is an important way to see whether the technology is useful in the

developing world, making more worthy expenses and effort in Internet projects.

3 How to Estimate the Effect

The literature is divided in two ways of estimating the relationship between new tech-
nologies and earnings: parametric models using ordinary least square (OLS) and non-

parametric model using Propensity Score Matching (PSM). First, [Krueger| (1993)) is the



pioneer in using an equation of Mincer| (1958), including a dummy variable equal to one
when the individual uses computers, to see the relationship of this technology with labor
income. This model is also used in different countries and they find a wage premium for
using technology in some countries such as United States, United Kingdom and Australia
(Goss & Phillips| 2002; Arabsheibani, Emami, & Marin, [2004; |(Chiswick & Miller, [2007)).
Second, Rosenbaum and Rubin| (1983)) presents the method of PSM for doing causal in-
ference, and there are many impact evaluation policies that base on this methodology
(Heckman, Ichimura, & Todd| 1998; Heckman, LalLonde, & Smith, [1999). In topics of
new technologies and labor income, this model is widely used when there is informa-
tion from household surveys (DiMaggio & Bonikowski, 2008; Navarro, 2010; Benavente,
Bravo, & Montero, [2011)).

Parametric models estimate bias coefficient because they do not deal with two issues:
omitted variables and reflection problem. The associate coefficient to use Internet can
reflect the differential of variables such as ability and there are workers that were more
productive even before using Internet (Entorf, Gollac, & Kramarz, 1999). In is also
possible that the Internet connection is expensive and only well paid workers can afford
Internet access, which implies the reverse causality. Indeed, |DiNardo and Pischke (1997)
doubt the empirical results in favor of using computer. Although they find a similar wage
premium for using computer in Germany and United States in 1997, they argue that there
is also a large wage premium for using calculators, telephones, pens or pencil. They claim
that those results show the problem of selection bias, where the characteristics of workers
decide whether they have access to these tools. According to these authors, given the
unlikely of an experiment where Internet is randomly assign, the best way to estimate the
effect of technology is including education and fixed effects in the model. In fact, there is
not evidence of computer wage premium in some countries such as Ecuador and in Great
Britain the computer skills are not very important relatively to math and reading skills
(Oosterbeek & Poncel 2011; Borghans & Ter Weel, 2004). Particularly in using Internet,
Lee and Kim| (2004) only find a premium wage for Internet users in United State for 1997,

but they do not find any result statistically significant for 1998 and 2000.



The non-parametric model using matching techniques deals with the problem of bi-
ased estimates, comparing workers as similar as possible in demographic, social and firm
characteristics, where the only difference is either using the Internet or not. Using match-
ing techniques in United States, |DiMaggio and Bonikowski (2008) find that on average
Internet users earn 15% more income and there is heterogeneity in the magnitude of the
effect depending of the place where people access. The highest coefficient is using Internet
everywhere, following using Internet only in work, and the smallest effect is only using at
home. Navarro (2010) also uses matching models to find that the Internet increase the
labor income in five out of six countries in Latin America. The magnitude varies between
30% in Honduras until 18% in MexicoF)

In developing world, the relationship between Internet, income, education and other
variables is a research agenda. In the best of my know, there is not studies for Colombia
including the use of household surveys, non-parametric models and fixed effect of size firm,
occupation and economic sector, which analyze the impact of the Internet on earnings. In
addition, other developing countries can also learn for these results, because the Internet
disappears geographical barriers and it makes the world smaller. For this reason, the
contribution of this research is to present new evidence and methodology for this country

and the corresponding technical support to justify investments on Internet.

4  Hypothesis

This paper proposes four hypotheses to analyze how productivity is the main mechanism
between the correlation of Internet and income. First, Internet helps people to develop
their jobs faster and more efficiently, causing positive and significant effect on the earn-
ings. A huge development in job activities is not necessary, whenever workers can either
communicate easier or access to information faster such as bank loans, education or new
technologies, they achieve high salaries. Second, Internet is used in different places, in

particular at the workplace and at home. Considering that it is more likelihood that peo-

3The other countries are Brazil with 29%, Chile 26% and Costa Rica 24%. Paraguay is the only
country where the effect is not statistically significant.



ple use Internet at work in productive activities, this places has a higher wage premium
that Internet users at home. Third, Internet offers different kinds of applications for
education, communication and entertainment. However, the productive activities have
more impact on earnings because the labor market values the effort made by the workers.
Thus, employees using Internet for activities such as education have a higher reward than
the workers using Internet for entertainment. Finally, there is a polarized labor market in
developing world (Autor}, [2015), but it is probably that this polarization does not occur
in developed world such as Colombia because these two regions look very different in

education, industrialization and other variables.

5 Empirical Strategy

The first way to analyze correlation between income and Internet is estimating the equa-

tion |1| using ordinary least square (OLS):

Yipje = ao + OInternetipj + Xipje + Kije + 05 + % + figje (1)

Yt is the monthly labor income standardized of the individual 4, working in the firm,
the economic activity and occupation f, in the municipality j in year t. Internet;s;; is the
treatment variable, equal to 1 whether the worker uses Internet and 0 otherwise. Xjz;; are
socio-demographic variables such as age and education, and experience with technology
such as computer and telephone holding. /iijﬁ is a set of fixed effects, combining firms size,
economic sector and occupation. These variables build a cell (as small as possible) where
Internet user and not user are compared. One of the most relevant omitted variables is
the workers ability. In this paper, this omitted variable is controlled using the industries
code and the sector code of the place where an employee works. This is a good proxy
because shows where a person works and what she or he does in that place. J; is the
municipality fixed effect, which controls for aggregate shock at muniicpal level such as

slope and rain. ~; is the year fixed effect, which control for aggregate shock in time

4/@¢jt can be also written such as: Kijt=rKijts + Kijte + Kijto- Where Ky is firm size fixed effect, K;j¢e
is economic sector fixed effect and k;j1, is occupation fixed effect



such as inflation or macroeconomic condition for all the country. ;¢ is the error term.
The OLS model estimates bias coefficients because the model cannot control for omitted
variables, such as Internet users are highly skilled workers, and reflection problem, when
wealthy firms provide Internet) (DiNardo & Pischke, [1997). [

The ideal database to estimate the impact of the Internet on labor income is a exper-
iment framework, where the Internet is randomly assign to one group and not to other
group. However, that database is very unlikely available in developing countries and in
case it exists, it can suffer with the common experiment’s problems with high probability
because it is strongly difficult to realize what people use technology and people who are
not assigned to the treatment (using Internet) can easily access to Internet for ways such
as cell phones, even in this context (this is called not compliners (Angrist & Pischke,
2009). Barrera-Osorio and Linden (2009), for example, assign randomly computes in
Colombian schools to analyze the impact of technology on children performance. The au-
thors find a very little effect on students, explaining for the low real inclusion of computer
in classroom, teacher have the computer but they do not want to use for teaching. In this
context, Propensity Score Matching (PSM) is useful to find unbiased estimators when
the treatment does not come from a random assignation. Intuitively, this non-parametric
model allows us to find for each Internet user (treated individual), another one being ex-
actly the same, except for not using Internet (controlled individual). This model assumes
that the treatment is determined exclusively by observable variables of the individuals
and gaps in unobservable variables are closed at the same time as the gaps in observable
variables, which is called conditional Independence (Angrist & Pischkel 2009).

The matching process requires two steps: First, estimating the propensity score (PS)
with a Probit model, which is a conditional probability of using Internet following the

equation [2}

Internet;pj = o + Xipje + Kije + 05 + e + ipje (2)

®The estimations control for a dummy equal to one for salaried workers an zero for self-employed.
Table shows that difference in variable between these two types of workers is statistically different
from zero



Internet;¢;; is a dichotomy variable equal to 1 when a worker uses Internet. The
independent variables include demographic characteristics, firm size, economic sector,
occupation and fixed effects of municipality and timeﬁ Second, using the propensity
score, each treated individual is matched with a control individual, reducing the gaps in
observable variable between Internet users and not users. The PSM calculates an average
effect of the treatment in the treated (6477), which means that the estimated parameter
is only for a sub-sample, in this case workers, instead of being of the full sample (Angrist
& Pischke) 2009). The equation |3 show the general coefficient estimated by PSM.

I

Oarr = Z mean|(Y;|Internet; = 1) — Yo | Internet; = 0)] (3)

i=1

O 4rr is the difference in the outcome between the most similar treated and control
workers. [ is the number of workers in the sample, Internet; is the treatment, equal to 1
when an individual 7 uses Internet. ¢; is the set of control workers, who do not use Internet
but they are very similar in all the characteristics. Even, this method compares workers
with similar productivity because equation [3| controls for firm size, economic sector and
occupation. In addition, the simplest and more intuitive way to match workers is using the
nearest neighbor, which compares a treated individual with the closet control individuals
in propensity score, following an Euclidean distance. However, this method can be useless
to close gaps in observable variables when there are many covariates and fixed effects,
falling in the risk of no control bias of omitted variables because it is not a comparison
between the most similar individuals. To solve this problem, the Mahalanobis distance
offers an advantage to close gaps in most variables because the distance includes a matrix
of variance and covariance of characteristics, which is more informative in order to match
treatments and controls.

The main challenge in calculating the correlation between Internet and income is
to control for the unobservable productivity of each worker (omitted variable) and the
possibility that only the richest companies access to Internet (reverse causality). This

study is an improvement of the other matching models because it is built a cell as small as

6All the variables including in equation [1| are also including in equation

10



possible, where the treated and control individuals are compared. This cell includes socio-
demographic characteristic and most important, information about size firm, occupation
and economic sector. These variables are the better way to create a proxy of productivity
because firm size gives information about the environment where the employees work,
occupation shows what employee do at work and economic sector presents the market

conditions of the place where employees perform their tasks.

6 Data and Descriptive Statistics

This study uses the Colombian Great Integrated Household Survey (GEIH) for 2009 to
2011. This data is a nationally representative cross-section survey and it is the main
tool for official statistics because it contains information at individual level in housing,
education, income and labor characteristics. The dependent variable is the standardized
monthly labor income and the sample is restricted to workers between 18 to 65 years
old in urban areas[] Only this period includes the following question about Internet use:
Have you used Internet in the last 12 months? and Where do you use the Internet| To
analyze the productive activities, the questions are: Do you use Internet for education
or financial ﬁnance?ﬂ For robustness checks, the question is: Do you use Internet every
day ™ This survey is the best way to know whether an individual uses this service or
not in Colombia.

Controlling for economic activities, occupation and firm size is on the most important
aspects of this study because this information is a proxy of productivity per worker. This
is an important improve comparing with other studies, which reduces the possible bias

coming from omitted variable and revers causality. The economic activity is divided in

"This sub sample is also used by DiMaggio and Bonikowski| (2008)) and Benavente et al.| (2011). The
results are robust to use the full sample, where rural areas are included.

8The options are accessing to Internet at home, at work, in educational institutions, in free public
access centers, in payed access centers, In the house of another person (relative, friend, neighbor), in
other place.

9The original question is for which of the following services or activities, do you use Internet? The
options are obtaining information, communication, electronic banking and other financial services, ed-
ucation and learning, transactions with government agencies, entertainment (games, download music,
etc).

10The original question is how often do you use Internet? The options are at least once a day, at least
once a week but not every day, at least once a month, but not every week and less than once a month.

11



13 sectors from agriculture to financial service using the Classification of All Economic
Activities (ISIC| 2008).@ The occupation are classified in 10 categories since farming
until professional specially, following the Standard Occupational Classification System
(SOCPC| [2010)[] The size firm considers 5 categories depending on the number of
workers. Each category of the variables is included as a fixed effect in all the estimations.
Therefore, these variables recover the productivity of each worker and they compare an
Internet user and not user in the same firms economic activity (sector), in the activities
that workers actually perform (occupation) and in the places where they work (firm size).

Table[I|presents the characteristics of the individuals by location of Internet access and
productive activities on the web. It is clear that these aspects are not exclusive, because
an individual can use Internet in both places or in any place. On average, the Internet
users are women, younger, better educated and well paid than not users. By location
(work and home), both groups seem very similar in these characteristics. Internet users
in productive activities are women with higher educated and older than Internet users in
entertainment. Furthermore, Internet users have more experience with technology than
not users, because a large proportion of them have telephone, computer and satellite TV
at home, comparing with not users (62%, 81% and 62%, respectively). This is also true
for Internet users at work, at home and productive users. Particularly, users at home
have the highest experiences, 78% have telephone, 90% satellite TV and 92% have PC
at home. People using Internet in education are very close in technology experience to
Internet users in entertainment. For the financial situation of the house all the categories,
this variable seem very similar, between 41% for not users and 48% for users at home,
this is an approach to wealth and living condition.

Table [2 shows Internet users distributed by firm size, economic sector, occupation
and type of worker. First, there is a positive relation between number of employees in
companies and Internet users in all categories. On average, 78% of workers use Internet

in big companies (101 and more employees employees), while 55% of worker in small

1 The sectors are: agriculture, mining, manufacturing, electricity, construction, transport, financial
service, housing sector, public administration, education, health and domestic service.

12The occupations are: Professional specialty, executive and managerial, service, sales, machine oper-
ator, cleaners and laborers, profession products, transportation, farming and mining

12



companies (2-5 employees). The number of Internet users decreases when the analysis
is made by access and activities. In big companies the number of users is almost the
same at work (69%) and at home (66%), while in small firms, only 29% of employees
use Internet at work and 32% use Internet at home. The number of productive users is
always smaller than not productive users in all the firm size. The small companies seem
to have a poor control of the employees activities on the web because only 22% of workers
use Internet to education and financial and 72% using Internet for entertainment in the
smallest firms.

There are clearly economic sector where workers need more Internet for their daily
activities. Financial service and public administration are the sectors with more Internet
users (87% and 81%, respectively), while construction and mining have the smallest group
of users (56% and 49%, respectively). By place of access, Internet users decrease especially
in sector with routine task, where the 28% of workers in domestic service use Internet at
work or at home, being the sector with the smallest number of Internet users. Activities
in the Internet show an interesting behavior. On one hand, financial service is in the top
of productive users (59%) compare with not productive users (40%). On the other hand,
domestic service is in the bottom with just 26% of people using Internet for education
and financial service comparing with 73% of people using Internet for entertainment.

Although occupation seems very similar to economic sector in terms of the distribu-
tion of Internet users, this variable is very important to compare people doing the same
activities. To summarize, 83% of white-collar (not routine activities) use Internet, com-
paring with 60% of blue-collar (routine activities). White-collar workers also use more

Internet at work, at home and in productive activities.

7 Results

There is a positive correlation between Internet users and income in all the world. Figure
shows that an increment in the number of Internet users is positively correlated with

the logarithm of per capita GDP. This figure also presents a high heterogeneity between

13



regions because the developing world is on the right-top of the figure, where there is high
levels of income and Internet and Latin America is in the middle of the figure, being
under 50 Internet users per 100 people and around 9 in logarithm per capita GDP.

In the Colombian case, the OLS model in table 3| shows the positive correlation
between Internet and income controlling for socio-demographic characteristics, firm size,
economic sector, occupation and fixed effects of municipality and time. The correlation
is statistically significant adding each set of controls. Workers gain 6.9% of one standard
deviation more when they use Internet. Although the OLS model includes control for
industry characteristics (the best proxy of productivity), the matching model reduces
the bias at maximum because within each small cell of firm size, economic sector and
occupation compares the most similar workers according to the propensity score.

The first step for Propensity Score Matching is running a Probit model using equation
[2l Table [4 presents the marginal effects of this model for different treatment: Internet
users, workplace users, worker using Internet at home and productive activities on the
Internet "] including in all the estimation include municipality and time fixed effects.
The first set of fixed effects controls relevant variables related to cities characteristics.
The second set of fixed effects, among other things, control for weather and geographic
conditions. Hence, the probabilities of receiving the treatments take into account, for
example, that big cities have higher probability of accessing to Internet because they enjoy
more available services than those with difficult geographic and weather conditions. The
results in table 4 show that schooling and technology experience increase the probability of
using Internet in all the treatments, while age reduces the probability. At the same time,
working in a big firm (more than 101 employees) in the financial service and performing
the occupancy of professional increase the probability of using Internet at both places
and in productive activities. This table also presents that the independence conditional
assumption holds because all the variables are statistically significant, showing that the
treatment can be caused by observable variables.

Matching models have to overcome three proofs to find unbiased estimators (Smith

13In the treatment of using Internet, using at work and using at home the control group is not users.
In the treatment of productive users, the control group is Internet user in not productive activities
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& Todd, 2005; |Arceneaux, Gerber, & Green, 2006; Porto, 2016)). The first requirement
is a common support in the probability of using Internet between treated and control
group. Figure shows the propensity score for Internet users and not users, where
the 90% of the sample is in the intersection between the probabilities of both groups.
In this common support, the matching method looks for treated and control individuals
as similar as possible in all the covariates. Second, the matching method has to close
the majority of the gaps in observable and unobservable characteristics between Internet
users and not users. Table |5 presents the difference in average between treated and con-
trolled individuals before and after the matching process, using two different methods:
the nearest neighbor and the Mahalanobis distance. In the unmatched sample, all the
differences are statistical different from zero. After using nearest neighbor, there are still
many differences between Internet users and not users, while Mahalanobis distance closes
the gaps for all the variables. Thereby, this matching technique builds a small cell where
the individuals are very similar and the unique difference is the treatment, using Internet
or not. In this way, the problem of reverse causality is solved, because the study com-
pares a clone in socio-demographic characteristics, in the same firm, performing the same
occupation. Third, estimated coefficients have to be robust to changes in the variables
and the matching method. Table [6] presents the results using two matching methods and
adding sets of controls. There is a positive correlation statistically significant between the
Internet and the labor Income, under different matching methods and controls. Column
5 using the Mahalanobis distance and all the covariates shows that Internet users earn
6.5% of one standard deviation more than not users. Table estimates the matching
model for each year in the sample and it presents a reduction in the effect during time.
In 2009, Internet users earn 7.8% of one standard deviation more than not users, while in
2011 the correlation is 6.1%. These results evidence that as the technology expands the
wage premium reduces because there more labor supply who can use the new tool. |Autor
et al|(2003) find the same pattern for United States, the increase in salary for using new
technology decrease over time.

Is this coefficient big or small in magnitude? Considering that 54% of the population
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in Colombia live with less than one monthly minimum salary, which is defined as the
minimum money to have a decent life (MinTrabajo, [2014)). 6.5% of one standard deviation
in income is equivalent to 11% of one minimum salary, which can definitely help worker
to overcome this threshold. Is investment in technology cost-efficient? Comparing the
per capita expenditure in technology projects and wage premium for using Internet, for
each dollar invests in Internet, there is an increase of 3.4 in the salary of the workers[]

There is a difference wage premium depending on the places where people uses Inter-
net, regardless using OLS or matching models. On one hand, Internet user access to this
tool from different places and they do any taSkE On the other hand, Internet access
at work is linked with productivity activities because it is more likely that workers use
Internet for company issues than personal purposes when there is some control of either
from colleges or employers. Similarly, Internet access at home is related to productive
activities because the sample is restricted only for workers, who can even work from their
houses using telecommuting. Table [7] show the results for running the OLS and PSM
model including all the controls in table [I] and 2] Looking the matching model because
it reduces the possible problem of omitted variable and self-selection bias, Internet user
at work earn 28.4% of one standard deviation more than not users, and Internet users
at home gain 17.4% more than not users. In addition, the correlation between Internet
and income has a high heterogeneity between places of access. People using Internet
anywhere obtain only 22.8% of the wage premium of users at workplace and individuals
using Internet at home receive 61.2% of the group mentioned before. The difference in
the wage premium is explained mainly by the difference in productivity activitiesE For
this reason, the last column in table [7| shows that workers using Internet for education

and financial services earn 7.1% of one standard deviation more than Internet users in

14This relationship is calculated in for steps: First, dividing the budget spending in technology and
communication projects (0.8% of the total budget) over total population in Colombia. The results is
$5.92. Second, 6.5% of one standard deviation of income is $17.09. Third, dividing $17.09/$5.92. In all
the steps the prices are constant to 2011 and converted to dollar using PPP.

I5Internet users are workers accessing from any of the following places: at home, at work, in educational
institutions, in free public access centers, in payed access centers, In the house of another person (relative,
friend, neighbor). Internet use is either a bigger set than Internet at work or at home.

16Productive users earn 27.6% of one standard deviation more than not users, using Mahalanobis
distance and including all the set of controls.
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less productive tasks, such as searching for music and videos. The last variable to take
into account is the intensity of using Internet, for this reason table run the four treat-
ments using daily Internet and the results show a positive correlation between Internet
and income, with a slightly increase in magnitude for all the treatments.ﬂ Recalling the
three hypothesis in section [d] there is a positive correlation between Internet and income,
the wage premium depends on place of access and the online activities really matter for
the final increase in the salary/™

There is evidence that new technology causes a polarized labor market in developed
countries such as United States (Autor], 2015), where the workers doing the most sophis-
ticated task have the higher wage premium for using these tools, the lower wage premium
is for workers in middle distribution task and worker in routine tasks have a wage pre-
mium between these two groups. In Colombia, table [§| evidence the matching model of
equation [3] including all the set of of covariates and dividing the sample depending on the
occupation of workers. The evidence for developing world holds partially in a developed
country such as Colombia. There is a polarized market where workers doing middle-skills
task have the lowest wage premium. Indeed, the figure seems very similar to the
findings for United States (Autor & Dorn, [2013). However, the higher wage premium
is in the task requiring the lowest skills. Internet users working either in farming or in
mining earn 20% of one standard deviation more than not users in this same occupa-
tion. The following wage premium is for the task more intensive in solving problems and
not routine task. Internet users being professional specialty gain 18% of one standard

deviation more than not users in the same occupation.

170n average, Daily Internet users earn 8.1% of one standard deviation more than not users.

8Most of salaried workers use Internet only at job, while self-employed workers also use Internet at
home. Furthermore, the decision of buying Internet is not made by workers, it is taken by companies. On
the other hand, self-employed workers take the decision and the cost of accessing Internet by their own.
Finally, according to the literature self-employed workers are widely different in several characteristics,
which are related to education, expected income, risk and preferences for autonomy (Guataqui, Martin,
& Portol, 2016). Table shows that self-employed workers earn around the double of salaried workers
when they use Internet
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8 Conclusion

There is an open question about the relationship between Internet and income around
the world. This study analyze this correlation for the Colombian case, a developing
country investing in technology projects and with a lot of inequality in income, education
and other issues. The empirical strategy builds a novel framework for evaluating the
effect of Internet when there is not a random experiment, as in the case of developing
world. Besides that, even field experiment can suffer heavily from not complainers, people
can access to Internet when they are in the control group, because it almost impossible
to realize who use Internet or not all the time. The methodology creates a proxy of
productivity including firm size, economic sector, occupation and other variables, which
controls for omitted variable and self-selection bias. The estimators from the matching
specification are robust to different proof, which makes these parameters reliable. The
results show a positive correlation between Internet and income in the Colombian case,
using parametric and non-parametric models. The wage premium depends on the places
of access to Internet, the activities doing in the web, the intensity of the use and the
occupation of each worker. The highest increase in income is for Internet users at work
in the lowest skill occupation (farming and mining). Whereas, the lowest wage premium
is for Internet users in a place in the middle of the skill distribution.

This paper presents a full set of results following the hypothesis that the Internet
increases productivity, which causes a rise in the salary. People learn how to do something
faster and more efficiently when they can access to Internet. In addition, investments
in technology are worthy and cost efficient because the total amount of budget for this
projects is just 0.8% and the results are always positive statistically significant, between
6% and 20% of one standard deviation in income for Internet users. As the best of my
know, this is the first time that the hypothesis of polarization labor market is tested in a
developing world and the finding are much more important because the main beneficiaries
are the most poor people in Colombia, farmers and miners.This makes the Internet a
strong tool to face poverty and lack of opportunities. Developing world need for this type

of policies, faster to implement and with a high effect on key variables such as income.
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Table 1: Socio-demographic statistics by place and use Internet

Not User Productive
users everywhere at work at home not users users

Logarithm of income 13.276 13.632 13.839  13.836 13.588  13.699

Standardized income -0.326 0.211 0.590 0.519 -0.152 0.301
Panel A: Population
Schooling 11.812 13.797 14.545  14.513 13.614  14.468
Age 35.757 33.073 34.871  35.178 31.004  35.074
Women 0.479 0.525 0.562 0.524 0.481 0.603
Panel B: Technology experience
Telephone at home 0.419 0.618 0.650 0.779 0.630 0.618
Satellite TV at home 0.653 0.808 0.837 0.907 0.814 0.799
PC at home 0.263 0.615 0.669 0.925 0.640 0.614
Panel C: Proxy of wealth
Property owner 0.415 0.423 0.440 0.478 0.407 0.463

Notes. The average of each variable is presented in the table. The samples is restricted to employed population between
18 to 65 years old. The standard deviation of the labor income is $262 and the mean is $295 for this sample. Internet users
are workers accessing from any of the following places: at home, at work, in educational institutions, in free public access
centers, in payed access centers, in the house of another person (relative, friend, neighbor.

Source: Colombian Great Integrated Household Survey (GEIH) between 2009 to 2011
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Table 2: Industrial statistics by place and use Internet

Not User Productive
users everywhere at work at home not users users
Panel A: Firm size

101 and over employee 0.223 0.777 0.694 0.669 0.532 0.468
51-100 employee 0.278 0.722 0.625 0.583 0.574 0.426
11-50 employee 0.285 0.715 0.607 0.558 0.600 0.400
6-10 employee 0.342 0.658 0.489 0.460 0.654 0.346
2-5 employee 0.448 0.552 0.288 0.316 0.725 0.275
Panel B: Economic sector
Financial service 0.132 0.868 0.840 0.799 0.409 0.591
Public administration 0.191 0.809 0.769 0.705 0.567 0.433
Education 0.210 0.790 0.705 0.711 0.445 0.555
Housing sector 0.255 0.745 0.676 0.608 0.564 0.436
Health 0.272 0.728 0.636 0.593 0.598 0.402
Electricity 0.311 0.689 0.610 0.552 0.611 0.389
Transport 0.321 0.679 0.576 0.503 0.647 0.353
Manufacturing 0.383 0.617 0.412 0.445 0.687 0.313
Commerce 0.397 0.603 0.392 0.393 0.698 0.302
Agriculture 0.422 0.578 0.394 0.382 0.708 0.292
Mining 0.429 0.571 0.408 0.481 0.663 0.337
Construction 0.441 0.559 0.360 0.353 0.718 0.282
Domestic Service 0.512 0.488 0.281 0.282 0.735 0.265
Panel C: Occupation
Professional specialty 0.101 0.899 0.872 0.861 0.347 0.653
Administrative support 0.114 0.886 0.864 0.835 0.438 0.562
Executive and managerial 0.150 0.850 0.811 0.744 0.497 0.503
Sales 0.360 0.640 0.399 0.433 0.698 0.302
Service 0.371 0.629 0.437 0.431 0.707 0.293
Machine operator 0.426 0.574 0.230 0.374 0.756 0.244
Precision production 0.487 0.513 0.174 0.290 0.775 0.225
Transportation 0.488 0.512 0.176 0.313 0.786 0.214
Cleaners and gardeners 0.499 0.501 0.208 0.267 0.750 0.250
Farming and mining 0.589 0.411 0.144 0.175 0.802 0.198
White-collar 0.118 0.882 0.853 0.824 0.415 0.585
Blue-collar 0.400 0.600 0.378 0.392 0.708 0.292
Panel D: Type worker
Salaried worker 0.288 0.712 0.592 0.565 0.591 0.409

Notes. The average of each variable is presented in the table. The samples is restricted to employed population between 18
to 65 years old. Economic sector is built using International Standard Industrial Classification of all Economic Activities
(ISIC} |2008). Occupation is built using Standard Occupational Classification System (SOCPC, 2010). The standard
deviation of the labor income is $262 and the mean is $295 for this sample. Internet users are workers accessing from any
of the following places: at home, at work, in educational institutions, in free public access centers, in payed access centers,
in the house of another person (relative, friend, neighbor.

Source: Colombian Great Integrated Household Survey (GEIH) between 2009 to 2011
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Table 3: Paremetric model: Ordinary least square

Dep. Var: Standardized labor income

(1) (2) 3) (4) ()

Internet use 0.169*%**  0.125%*%* (.116*** (.095%** (.069***
(0.005)  (0.005)  (0.004)  (0.004)  (0.005)

Controls

Socio-demographic v v v v v
Firm size v v v v
Economic sector v v v
Occupation v v
Municipality and time FE v
R-squared 0.367 0.386 0.392 0.419 0.429
No. of observations 468,166 468,166 465,331 462,014 462,014

Notes. Robust standard errors are shown in parentheses. *** is significant at the 1% level, ** is significant at the 5% level,

* is significant at the 10% level. FE means municipality and time fixed effects. Internet users are workers accessing from
any of the following places: at home, at work, in educational institutions, in free public access centers, in payed access
centers, in the house of another person (relative, friend, neighbor)
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Table 4: Propensity score: Probit marginal effects model

Dep. Var: Internet use Internet at work Internet at home Productive users
(1) (2) 3) (4)
Schooling 0.058*** 0.086*** 0.086*** 0.055%**
(0.000) (0.000) (0.000) (0.000)
Age -0.026%** -0.015%** -0.025%** -0.029%**
(0.000) (0.000) (0.000) (0.000)
Age squared 0.000%** 0.000%** 0.000%** 0.000%**
(0.000) (0.000) (0.000) (0.000)
Women 0.028%** 0.027*** 0.064*** 0.017%**
(0.000) (0.000) (0.000) (0.000)
Telephone at home 0.065%** 0.091%%* 0.171%%* 0.058%**
(0.000) (0.000) (0.000) (0.000)
Satellite TV at home 0.059%** 0.082%** 0.129%** 0.028%***
(0.000) (0.000) (0.000) (0.000)
PC at home 0.191%%* 0.237%%* 0.624%%* 0.158%**
(0.000) (0.000) (0.000) (0.000)
Property owner -0.039%** -0.047%F* -0.036*** -0.018%**
(0.000) (0.000) (0.000) (0.000)
Agriculture -0.002%** -0.019%** 0.015%#* -0.037%+*
(0.000) (0.001) (0.001) (0.000)
Mining -0.002%* 0.015%** 0.159%** 0.014%**
(0.001) (0.002) (0.002) (0.001)
Manufacturing -0.007*** -0.068*** 0.017%%* -0.019%+*
(0.000) (0.000) (0.000) (0.000)
Electricity -0.058%** -0.077FF* -0.029%** -0.034%+*
(0.000) (0.000) (0.001) (0.000)
Construction -0.021%** -0.131%%* 0.01 17 -0.055%+*
(0.000) (0.000) (0.000) (0.000)
Commerce -0.0217%** -0.084%** 0.001%*** -0.031#%*
(0.000) (0.000) (0.000) (0.000)
Transport 0.024%%* 0.074%%* 0.043%%* -0.007#+*
(0.000) (0.000) (0.000) (0.000)
Financial service 0.043%** 0.062%*** 0.084%*** 0.084%***
(0.000) (0.000) (0.000) (0.000)
Housing sector 0.0407%** 0.078%** 0.097 % 0.030%***
(0.000) (0.000) (0.000) (0.000)
2-5 employee -0.087*** -0.197%%* -0.133%** -0.062%**
(0.000) (0.000) (0.000) (0.000)
6-10 employee -0.051%%* -0.089*** -0.091%** -0.047%F*
(0.000) (0.000) (0.000) (0.000)
11-50 employee -0.031%** -0.031%** -0.049%** -0.033%**
(0.000) (0.000) (0.000) (0.000)
51-100 employee -0.032%** -0.032%** -0.040%** -0.012%%*
(0.000) (0.000) (0.000) (0.000)
Professional specialty 0.143%** 0.316%** 0.238%** 0.179%**
(0.000) (0.000) (0.001) (0.001)
Executive and managerial 0.192%** 0.426%** 0.290%** 0.153%**
(0.000) (0.000) (0.001) (0.001)
Administrative support 0.175%%* 0.368*** 0.301%** 0.153%**
(0.000) (0.000) (0.001) (0.001)
Service 0.072%** 0.202%** 0.133%** 0.008%***
(0.000) (0.001) (0.001) (0.001)
Sales 0.101%%* 0.256%** 0.174%%* 0.039%**
(0.000) (0.000) (0.001) (0.001)
Machine operator 0.042%** 0.103%** 0.074%** -0.030%**
(0.001) (0.001) (0.001) (0.001)
Equip. cleaners and laborers — 0.036*** 0.106%** 0.058%** 0.012%%*
(0.000) (0.001) (0.001) (0.001)
Precision production 0.026%*** 0.049%** 0.033%*** -0.027%%*
(0.000) (0.001) (0.001) (0.001)
Transportation 0.015%%* 0.019%%* 0.054%%* -0.045%**
(0.000) (0.001) (0.001) (0.001)
Municipality and time FE v v v v

Notes. Robust standard errors are shown in parentheses. *** is significant at the 1% level, ** is significant at the 5% level,
* is significant at the 10% level. FE means municipality and time fixed effects.
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Table 5: Difference in means between treated and controls before and after
matching selected variables for salaried workers

Unmatched (U) Mean
Variable Matched (M)  Treated Control Difference
Schooling more than 12 U 0.603 0.190 0.412%%*
M-NN 0.503 0.504 -0.001
M-MD 0.503 0.503 0.000
Age U 32.989  35.543  -2.554%**
M-NN 33.856  33.565  0.201***
M-MD 33.847  33.871 -0.024
Age squared U 1194.20 1374.30 -180.1%**
M-NN 1259.70 1242.90 16.80***
M-MD 1259.10 1258.90 0.200
Woman U 0.493 0.525  -6.800***
M-NN 0.492 0.509 -0.017%*
M-ND 0.492 0.492 0.000
Telephone at home U 0.603 0.399  0.205%**
M-NN 0.567 0.563 0.003%**
M-MD 0.566 0.566 0.000
Satellite TV at home U 0.812 0.651  0.161%**
M-NN 0.792 0.787 0.006**
M-MD 0.792 0.792 0.000
PC at home U 0.608 0.239 0.3697%**
M-NN 0.528 0.517 0.011%%*
M-MD 0.529 0.528 0.001
Property owner U 0.406 0.400 0.006**
M-NN 0.409 0.409 -0.000
M-MD 0.409 0.409 0.000
White-Collar U 0.430 0.139 0.291%%*
M-NN 0.337 0.347  -0.010***
M-MD 0.338 0.337 0.000

Notes. Robust standard errors are shown in parentheses. *** is significant at the 1% level, ** is significant at the 5%
level, * is significant at the 10% level. The row M-NN shows the result of matching treated and control individual using
the Nearest Neighborhood. The row M-MD presents the results of matching individuals using the Mahalanobis Distance.
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Table 6: Non-parametric model: Propensity score matching for Internet use

Dep. Var: Standardized labor income

(1) (2) 3) (4) ()

Nearest Neighbor 0.166***  0.123%FF  0.115%**  0.094***  0.068%**
(0.005)  (0.005)  (0.004)  (0.004)  (0.005)
Mahalanobis Distance 0.165%**  (0.122%**  (.114*** (0.092*** 0.065***

(0.005)  (0.005)  (0.004)  (0.004)  (0.004)

Controls

Socio-demographic v v v v v
Firm size v v v v
Economic Sector v v v
Occupation v v
Municipality and time FE v
R-squared 0.369 0.383 0.394 0.419 0.429
No. of observations 421,349 421,349 418,798 415,813 415,813

Notes. Robust standard errors are shown in parentheses. *** is significant at the 1% level, ** is significant at the 5% level,

* is significant at the 10% level. FE means municipality and time fixed effects

Table 7: Places and activities

Dep. Var: Standardized labor income
Treatment: Internet

Use at work at home Productive users
D) 3) (4)
OLS 0.069%*F*  0.291*** (.183%** 0.076%**
(0.005) (0.006) (0.006) (0.005)
Matching Mahalanobis Distance 0.065%**  0.284*** (.174%** 0.071%%*
(0.005) (0.005) (0.005) (0.004)
All controls v v v v
R-squared 0.429 0.439 0.432 0.430
No. of observations 451,813 451,813 451,813 451,813

Notes. Robust standard errors are shown in parentheses. *** is significant at the 1% level, ** is significant at the 5%

level, * is significant at the 10% level. All the controls are socio-demographic. firm size, economic sector, occupation,
municipality and time fixed effects. The control group for column 1, 2 and 3 is not Internet Use and for column 4 is
Internet users in not productive activities. Internet users are workers accessing from any of the following places: at home,
at work, in educational institutions, in free public access centers, in payed access centers, in the house of another person
(relative, friend, neighbor). The number of observation shows the individuals in the common support for the Propensity
Score Matching, using Mahalanobis Distance. The OLS number of observation is 462,014. .
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Table 8: Internet use per skill level

Dep. Var: Standardized labor income
Treatment: Internet use

Farming  Transportation  Precision Cleaners Machine Sales Service  Administrative Executive Professional
and mining production and laborers operator support administrative  speciality
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
OLS 0.207%** 0.049%** 0.060%** 0.027%** 0.074%%% 0.087FFF  (.101*** 0.096*** 0.156%** 0.184%**
(0.058) (0.012) (0.011) (0.007) (0.037) (0.011) (0.009) (0.010) (0.031) (0.020)
Matching Mahalanobis Distance — 0.196*** 0.048%** 0.058*** 0.023*** 0.071%%*  (0.084**%*  (.098%** 0.091%** 0.152%** 0.178***
(0.061) (0.013) (0.014) (0.006) (0.039) (0.012) (0.009) (0.011) (0.033) (0.021)
All controls v v v v v v v v v
R-squared 0.472 0.288 0.285 0.247 0.348 0.241 0.397 0.351 0.336 0.361
No. of observations 3,888 33,010 27,618 63,671 3,029 72,478 45,160 33,937 64,225 68,796

Notes. Robust standard errors are shown in parentheses. *** is significant at the 1% level, ** is significant at the 5% level, * is significant at the 10% level. All the controls are
socio-demographic. firm size, economic sector, occupation, municipality and time fixed effects. Internet users are workers accessing from any of the following places: at home, at work, in
educational institutions, in free public access centers, in payed access centers, in the house of another person (relative, friend, neighbor). The number of observation shows the individuals
in the common support for the Propensity Score Matching, using Mahalanobis Distance. The OLS number of observation is around 10% more of the mentioned. Occupation is built using
Standard Occupational Classification System (SOCPC||2010).



A Appendix

Table A-1: Differences in mean by type of worker

Variables Salaried worker Self-employed worker — Difference
Logarithm of labor income 13.526 13.111 0.416%%*
(0.0013) (0.0024) (0.005)
Age 33.385 37.010 -3.625%**
(0.0188) (0.0243) (0.054)
Age squared 1,217.343 1,488.661 -271.318%**
(1.392) (1.900) (4.112)
Schooling 13.035 12.594 0.442%%*
(0.0047) (0.0053) (0.013)
12 or more years of education 0.512 0.412 0.100%**
(0.0009) (0.0010) (0.003)
Telephone at home 0.622 0.556 0.066***
(0.0009) (0.0011) (0.003)
PC at home 0.770 0.717 0.053%**
(0.0007) (0.0010) (0.002)
Satellite TV at home 0.519 0.473 0.047%%*
(0.0009) (0.0011) (0.003)
House Owner 0.399 0.427 -0.028%**
(0.0009) (0.0011) (0.003)
2-5 employee 0.192 0.823 -0.631%**
(0.0007) (0.0008) (0.002)
6-10 employee 0.074 0.033 0.040%**
(0.0004) (0.0003) (0.001)
11-50 employee 0.159 0.040 0.119%%*
(0.0006) (0.0004) (0.001)
51-100 employee 0.056 0.009 0.047%%*
(0.0004) (0.0002) (0.001)
101 and over employee 0.520 0.095 0.425%%*
(0.0009) (0.0006) (0.002)
Agriculture 0.016 0.021 -0.006***
(0.0002) (0.0003) (0.001)
Mining 0.001 0.001 0.000
(0.0000) (0.0000) (0.000)
Manufacturing 0.171 0.120 0.051%%*
(0.0007) (0.0007) (0.002)
Electricity 0.013 0.002 0.010%**
(0.0002) (0.0001) (0.000)
Construction 0.033 0.048 -0.015%**
(0.0003) (0.0004) (0.001)
Commerce 0.235 0.331 -0.095%**
(0.0007) (0.0010) (0.002)
Transport 0.077 0.130 -0.053***
(0.0004) (0.0007) (0.002)
Financial service 0.038 0.007 0.032%%*
(0.0003) (0.0001) (0.001)
Housing sector 0.084 0.111 -0.028***
(0.0005) (0.0007) (0.002)
Public administration 0.078 0.031 0.047+%*
(0.0005) (0.0003) (0.001)
Education 0.111 0.038 0.073%%*
(0.0005) (0.0004) (0.001)
Health 0.073 0.069 0.005%%*
(0.0004) (0.0005) (0.001)
Domestic Service 0.069 0.090 -0.021%**
(0.0004) (0.0006) (0.001)
Professional specialty 0.169 0.144 0.026***
(0.0007) (0.0007) (0.002)
Executive and managerial 0.219 0.070 0.149%%*
(0.0007) (0.0005) (0.002)
Administrative support 0.093 0.080 0.013%%*
(0.0005) (0.0006) (0.001)
Service 0.113 0.089 0.0247%*
(0.0005) (0.0006) (0.002)
Sales 0.112 0.249 -0.137%F*
(0.0005) (0.0009) (0.002)
Machine operator 0.005 0.014 -0.009%**
(0.0001) (0.0002) (0.001)
Equip. cleaners and laborers 0.151 0.142 0.008%**
(0.0006) (0.0007) (0.002)
Precision production 0.060 0.092 -0.032%**
(0.0004) (0.0006) (0.001)
Transportation 0.067 0.099 -0.032%**
(0.0004) (0.0006) (0.001)
Farming and mining 0.011 0.022 -0.011%**
(0.0001) (0.0003) (0.001)
‘White-collar 0.398 0.266 0.132%%*
(0.0009) (0.0009) (0.002)

Notes. Standard error in brackets. ***

10% level

is significant at the 1% level, ** is significant at the 5% level, * is significant at the
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Table A-2: Internet use in time

Dep. Var: Standardized labor income
Treatment: Internet use

2009-2011 2009 2010 2011
1) © 6 ®
OLS 0.069%*F*  0.080*** 0.072*** 0.065***
(0.005)  (0.008)  (0.008)  (0.008)
Matching Mahalanobis Distance  0.065%**  0.078*** 0.069*** (0.061***
(0.004) (0.004) (0.004) (0.004)
All controls v v v v
R-squared 0.429 0.425 0.443 0.431
No. of observations 451,813 130618 138,221 146,966

Notes. Robust standard errors are shown in parentheses. *** is significant at the 1% level, ** is significant at the 5% level, *
is significant at the 10% level. All the controls are socio-demographic. firm size, economic sector, occupation, municipality

and time fixed effects. The number of observation shows the individuals in the common support
Matching, using Mahalanobis Distance. The OLS number of observation is 462,014 in column
153,506 in column 3, 163,296 in column 4.

Table A-3: Places, activities and intensity

for the Propensity Score
1, 145,212 in column 2,

Dep. Var: Standardized labor income

Treatment: Internet daily
Use at work at home Productive users

(1) (2) (3)

(4)

OLS 0.081FF%  (0.295%F% (). 1867 F*
(0.009)  (0.006)  (0.006)

Matching Mahalanobis Distance 0.077%**  (.289%*%* (.178***
(0.007) (0.006) (0.005)
All controls v v v
R-squared 0.429 0.439 0.432
No. of observations 451,813 451,813 451,813

0.092%%%
(0.005)
0.080%**
(0.004)

v

0.430
451,813

Notes. Robust standard errors are shown in parentheses. *** is significant at the 1% level, **

is significant at the 5%

level, * is significant at the 10% level. All the controls are socio-demographic. firm size, economic sector, occupation,
municipality and time fixed effects. The control group for column 1, 2 and 3 is not Internet Use and for column 4 is
Internet users in not productive activities. Internet users are workers accessing from any of the following places: at home,

at work, in educational institutions, in free public access centers, in payed access centers, in the

house of another person

(relative, friend, neighbor). The number of observation shows the individuals in the common support for the Propensity

Score Matching, using Mahalanobis Distance. The OLS number of observation is 462,014. .
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Table A-4: Places and activities per worker type

Dep. Var: Standardized labor income
Treatment: Internet
Use at work at home Productive users
(1) (2) (3) (4)
Panel A: Salaried Worker

OLS 0.054*%*  0.206%** (0.159%** 0.058%**
(0.005) (0.006) (0.007) (0.006)
Matching Mahalanobis distance —0.054***  (.192%** (.145%** 0.054***
(0.004) (0.005) (0.003) (0.004)
All controls v v v v
R-squared 0.495 0.501 0.498 0.495
No. of observations 246,359 246,359 246,359 246,359
Panel B: Self-employemnt worker
OLS 0.098***  (.529%** (). 243%** 0.112%**
(0.009) (0.017) (0.013) (0.011)
Matching Mahalanobis distance 0.092***  (0.511%*%* (.229%** 0.097***
(0.008) (0.010) (0.009) (0.009)
All controls v v v v
R-squared 0.368 0.387 0.372 0.368
No. of observations 169,462 169,462 169,462 169,462

Notes. Robust standard errors are shown in parentheses. *** is significant at the 1% level, ** is significant at the 5%

level, * is significant at the 10% level. All the controls are socio-demographic. firm size, economic sector, occupation,
municipality and time fixed effects. The control group for column 1, 2 and 3 is not Internet Use and for column 4 is
Internet users in not productive activities. Internet users are workers accessing from any of the following places: at home,
at work, in educational institutions, in free public access centers, in payed access centers, in the house of another person
(relative, friend, neighbor). The number of observation shows the individuals in the common support for the Propensity
Score Matching, using Mahalanobis Distance. The OLS number of observation is 273,733 for salaried workers and 188,281
for self-employed workers. .
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Figure A-1: Internet and Income in the World
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Note: Own calculation using indicators from the World World-Bank| (2015))

Figure A-2: Common support between treated and control group
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Note: Propensity score built using equation [2| and the indicators from the |World-Bank
(2015]).

Figure A-3: Correlation between Internet use and standardized income
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Note: The figure shows the estimators and interval coefficients using Mahalanobis
distance and including all the set of covariates from table [1| and [2| for 10 sub-samples
depending the occupation. Each category is built using SOCPC| (2010).
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