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1. Introduction

In the literature skill mismatch is defined, for a particular match, as the difference between
the level of skills demanded by the firms and the skills offered by the workers. Hence, optimal
allocation in the labour market exists when workers end up in jobs for which they were
trained and which require the skills that they possess (van der Velden & Verhaest, 2017). In
general, the evidence shows that skill mismatch is costly for both firms and workers.

The literature, mainly for developed economies, has shown that those individuals who are in
a mismatch situation have lower job satisfaction, lower tenure, lower wages, and are more
likely to look for new jobs (Alba-Ramirez, 1993; Allen & Van der Velden, 2001; Badillo-
Amador & Vila, 2013; Di Pietro & Urwin, 2006; Verhaest & Omey, 2006). In the case of the
firm, a mismatch can decrease its level of productivity and increase labour turnover (Hersch,
1991; McGowan & Andrews, 2017; Verhaest & Omey, 2006). This negative effects in
human capital and the level of productivity, can be reflected in a high unemployment
equilibrium and low GDP growth (Lucifora & Origo, 2002; Manacorda & Petrongolo, 1999;
Olitsky, 2008; Quintini, 2011).

The study of skill mismatch? is particularly relevant in the case of Colombia due to its high
level compared with other developed and developing countries. Figure 1 presents the level
of mismatch divided by overqualified and underqualified workers. A worker is overqualified
when his/her level of education exceeds his/her job requirement, and underqualified in the
contrary case. In Colombia the level of skill mismatch is twice the average of the OECD
countries, and more than twice the one observed in the USA. Moreover, the skill mismatch
in Colombia is also higher compared with similar Latin American countries such as Perq,

Chile, Brazil, Argentina and México.

The objective of this paper is to analyze the effect of skill mismatch on the Colombian labour
turnover, following the theoretical guidance of the job matching theory (Jovanovic, 1979,
1979b, 1984). The model assumes that there is imperfect information, so the quality of the
match between a worker and a firm is unknown at the beginning, but reveals itself as the

! To be able to compared the Colombian skill-mismatch measured with the one used in the OECD, we use the
“skill mismatch-national” definition. This measure is defined with more details in section 4.



match produces output over time. Therefore, workers and firms update their beliefs on the
quality of the match in two ways: through firms screening and through the observation of the
output. If the current match is a disappointment for the worker, and new offers do not arrive,
he may choose to be unemployed. Then, this model predicts that workers who are in a

mismatch situation have a higher labour turnover.

Figure 1: Skill mismatch in developed and developing countries

(percentage of total workers-2018)
70
60
50
40
30
20
10

% USA OECD PER BRA CHI ARG MEX CcoL

underqualification overqualification

Source: OECD (2017), Skills for Jobs Database and author’s calculations based on the Colombian household survey- GEIH.
Note: A worker is overqualified if his/her level of education exceeds his job requirements and underqualified in the contrary
case.

The evidence on the relationship between skill mismatch and labour turnover comes mainly
from developed countries. Researchers have found that mismatched workers have a higher
probability of leaving employment than matched workers (Hersch, 1995; McGuinness &
Wooden, 2007; Robst, 1995; Rubb, 2013; Verhaest & Omey, 2006), have less experience or
tenure (Alba-Ramirez, 1993; Alba-Ramirez & Blazquez, 2003; Sloane, Battu, & Seaman,
1999) and are involved in job search while employed (Di Pietro & Urwin, 2006; Groot &
Maassen van den Brink, 2003). However, empirical findings for developing economies are

Scarce.

The main contribution of this paper is to provide empirical evidence on the relationship
between skill mismatch and labour reallocation in a developing country such as Colombia,
as suggested by the job matching theory (Jovanovic, 1979a, 1979b, 1984). To do so, we use
data from the Integrated Record of Contributions to Social Security (PILA by its Spanish
acronym) and the official Colombian Household Survey (GEIH by its initials in Spanish) to



build an aggregate panel data at the city level (23 main cities in Colombia)?, with a quarterly
frequency for the period 2009-2017. Our results indicate, that cities with a high skill
mismatch present a high labour reallocation (measured as the worker reallocation rate), in
line with our theoretical framework. In this case one standard deviation of increment in the
proportion of mismatch workers increases the WR rate around 0.12 standard deviations. This
result is explained mainly by the increase on separations as is suggested by the theory. Our
results hold even we control for the productive structure or specific labour demand of each

city or for specific institutions such as the minimum wage.

The rest of the paper is organized as follows. The next section presents a literature review on
the effects of skill mismatch, focusing mainly on its effects on labour turnover. Section 3
presents the theoretical model (Jovanovic, 1979a, 1979b, 1984) that informs our empirical
strategy. Section 4 describes the data used in this study and section 5 discusses our empirical
strategy and reports our main estimates, including some robustness checks. Finally, section

6 summarize the main findings and concludes.
2. Literature review

Empirical evidence about the effect of skill mismatch is extensive in developed economies
and can be classified into two groups. The first approach studies the wage returns and level
of productivity of those who are in a mismatch, while the second one tries to understand the
existence of mismatch. In the second approach, we can find two models commonly used to
explain the reason for the mismatch: the occupational mobility theory and job matching
theory (Jovanovic, 1979a, 1979b, 1984).

The first empirical approach has shown that overqualified workers face wage penalties. This
implies that they earn less than those who have the same educational level and are employed
in a job that adequately fits their skills. On the contrary, underqualified workers present
higher wages than those with the same educational level, but in jobs for which they are
adequately educated. (See Allen & Van der Velden, 2001; Badillo-Amador & Vila, 2013;

2 The main twenty-three cities are: Bogota, Medellin and its metropolitan area, Cali and its metropolitan area, Barranquilla
and its metropolitan area, Bucaramanga and its metropolitan area, Pasto, Cartagena, Clcuta and its metropolitan area, Neiva,
Pereira and its metropolitan area, Monteria, Villavicencio, Tunja, Quibdd, Popayéan, lbagué, Valledupar, Sincelejo,
Riohacha, Florencia, Santa Marta and Armenia.



Dolton & Vignoles, 2000; Mcguinness, 2006; Rumberger, 1987; Verdugo & Verdugo, 1989).
Hartog (2000) studies five countries (Netherlands, Spain, Portugal, United Kingdom and
United States), to show that wage returns for overeducated workers are typically about half

to two-thirds of the returns to those who are adequately educated.

In addition to the negative wage returns of those overqualified workers, effects on
productivity have been also studied; although here the results are less conclusive. McGowan
and Andrews (2017) argue that mismatch is associated with low labour productivity and
conclude that an increase of one standard deviation in the overqualification measure, is
associated with a 4% reduction in the overall labour productivity level. In contrast,
Kampelmann and Rycx (2012), using as measure of labour productivity by firm the added
value per worker, show that additional years of overeducation are positive to the labour

productivity of the firm, while additional years of undereducation are detrimental.

The second approach focuses on understanding the reason why the mismatch phenomenon
occurs despite its negative returns.®> The occupational mobility theory (Rosen, 1972;
Sicherman & Galor, 1990; Sicherman, 1991) explains the phenomenon of mismatch as
temporary, where workers are willing to accept a skill mismatch with the expectation of a job
promotion. Therefore, the occupational mobility theory states that overqualified workers
have a higher labour turnover rate, since they are willing to accept a job for which they are
overqualified with the expectation of gaining experience and obtaining a better job and wages

in the future.

For the case of Spain, Alba-Ramirez (1993)* found that overqualified workers are younger,
less experienced, more educated and have shorter on-the-job training activities than those
adequately educated. Moreover, the authors found that these workers have a 4.7 times lower
probability of never having changed jobs than those adequately educated, evidence that

supports the hypothesis of higher labour mobility among those overqualified (similar results

3 The returns on wages of those individuals who are in mismatch contradict the prediction of the human capital theory
(Becker, 1964; Mincer, 1974), which predict that higher education levels imply higher productivity and, therefore, higher
wages.

4 These authors also find that underqualified workers are more likely to have more experience, less education, a full-time
job and report more on-the-job training needed for the job.



were found by Frei and Sousa-Poza (2012)° using the Swiss Household Panel-SHP and
Verhaest and Omey (2006) using a Flemish database). Contrary to these findings, there are
some authors that do not find empirical evidence on the relation between mismatch and
labour mobility (Serrano and Malo (1996) for the case of Spain; Wen and Maani (2019) for
Australia, and Buchel and Mertens (2004) for Germany).

Another theory used to explain the cause of skill mismatch is the theory of job matching
(Jovanovic, 1979a, 1979b, 1984). It assumes that given the imperfect information, only
through the experience in the job, firms and workers can realize if there is a mismatch or not.
The overqualified workers will try to get a better job position in accordance with their
educational level, increasing their probability of voluntary leaving their current job. On the
other hand, the underqualified ones, in spite of not having any incentive to quit, would be
more likely to be fired by the firm. Then, the job matching model suggests that skill mismatch
might cause a high labour turnover and separations. Following this theoretical model, several
authors have explored the effects of the skill mismatch on different measures of the labour
turnover: showing that those who are in a mismatch situation are more likely to move to
another job (McCall, 1990; Miller, 1984; Rubb, 2013); have a high quit intention (Hersch,
1991, 1995; McGuinness & Wooden, 2007; Robst, 1995; Verhaest & Omey, 2006); have a
low tenure (Alba-Ramirez, 1993; Alba-Ramirez & Blazquez, 2003; Sloane et al., 1999); and
have a high probability of actively looking for another job (Di Pietro & Urwin, 2006; Groot
& Maassen van den Brink, 2003).

Evidence for the case of developing countries is very limited. In the Colombian case, studies
concerning skill mismatch are focused on the returns. Just like in the case of developed
countries, Castillo (2007) and Mora (2008) show that in Colombia the returns for
overqualified workers are lower than for those adequately educated, while the evidence for
underqualified workers is less clear. Moreover, overqualified workers tend to be younger and
living in larger cities (Quejada & Avila, 2017). Dominguez (2009), on the other hand, finds
a positive relationship between overqualification and the level of tightness of the formal
sector. He argues that a low vacancy jobs and high competition in quality positions, allow

5> However, these authors suggest that workers manage to improve their match also through a better assignment of task,
more appropriate to their education level in their current job.



employers to demand higher levels of education. However, Herrera-ldarraga et al. (2013),
find opposite results. Finally, Mora (2008) finds evidence of a positive relation between
overqualification and labour mobility. The author concludes that overqualified workers are
less likely to remain in the same occupation.

The present paper contributes to the previous literature for the case of Colombia, providing
more evidence on the relation between skill mismatch and labour reallocation, following the
job matching theory of Jovanovic (1979a, 1979b, 1984). We use information from PILA and
GEIH to build an aggregate panel data at the city level (23 main cities in Colombia), with a
quarterly frequency for the period 2009-2017. We find that one standard deviation of
increment in the proportion of mismatch workers increases the WR rate around 0.12 standard
deviations. Moreover, this result is explained mainly by the increase on separation as is
suggested by the theory.

3. Theoretical framework

Our empirical analysis is based on the job matching theory proposed by Jovanovic (1979a,
1979b, 1984). In this section, we present a summarized version of his model (Jovanovic,
1984). The model assumes a production function with constant returns to scale and labour as
the only input used in the production. The quality of the match between the worker and his
employer is denoted by u, and the average output produced over a period of time is denoted
by X (t)8. Workers and firms are risk neutral, live infinitely and they discount the future at a
common constant discount rate, r. The quality of the match is unknown at the beginning but
reveals itself as the match produces output over time. Among all possible matches between
workers and firms, it is assumed that the quality of the match has a normal distribution such

as: u~N (1, o).

It is assumed that workers and firms update their beliefs of the quality of the match in two
ways:
) At the start of the match, firms screen workers. The outcome of the screen is a

“noisy” estimate of i, m = u + €, where e~N (0, g2). The smaller 2, the better

5 The model define X (t) as the worker’s cumulative output over a period of length ¢, then X (t) = ut + ¢, Z(t), where o, >
0 is a known constant, identical over all possible matches and Z(t) is the standard Wiener process.



the screen. If o5 = oo, a match is a pure “experience good”, nothing can be
learned about the match before it produces output. But if 62 = 0, the match is a
pure “inspection good”, one can learn its quality merely by inspecting it.

ii) Once the match start producing, firms have an observation of the output of the
match. Then, the match with screen outcome m, job tenure t, and cumulative
output X (t) = x, has a posterior normal distribution of u, and his expected value
can be written as: E(u/m, x, t).

The model assumed that the contacts rates of the worker with the employer is given by a
Poisson rate 4 when he is employed and a Poisson rate § when he is unemployed. Both rates
are exogenous and costless’. When a contact is made, the employer screens the worker and
depending on the outcome of the screen, the worker decides to take the new job offer or
return to his old one. One equilibrium contract for the firm is always to pay the worker his
expected marginal product, so that the worker’s pay at each times is given by [Jovanovic
(1979a)]:
w=EQu/mxt) (1)

While unemployed, the worker gets an unemployment insurance benefit each period (b) as
long as he stays unemployed. The present value of becoming unemployed is denoted by U.
When a job offer arrives, the worker have an initial wage equal to E(u/m’,0,0), where m’
is the outcome of the screen for the match between the worker and a particular job. These
wage offers (from search on the job and search off the job) are drawn from a normal
distribution F(w).

V(w, t) is the present value of being on a match. If the cost of changing a job is zero, the
worker will change jobs if his on-the-job search yields him an initial wage offer w” such that
V(w’,0) > V(w,t). If the reverse inequality holds, he will reject the job offer and continue
working on his current job. This defines a reservation wage ¢(w,t), that satisfies the
following condition:

Viw,t) = V]pw,1),0] (2)

Then if w” < ¢ the outside offer is rejected.

7 As the traditional search models this model have search costs, however they do not explain the mismatch.



If the current match is a disappointment and acceptable new offers do not arrive, the worker
may choose unemployment. Let 8(t) be the lowest wage the worker will accept on his current
job and remain there. At tenure t, a wage lower than 6(t) will lead the worker to quit and
become unemployed. This defines a reservation wage 6(t) that satisfies the following
condition:

Vo), t]=U (3)

Finally, v is the smallest wage offer that will induce the worker to leave unemployment and

accept the job. This defines a reservation wage y that satisfies the following condition:

U=V[y0] (4
The present value of becoming unemployed U and the present value of being on a match V
are given by:
U ! lb+5me( 0)f(x)d l (5
= X, x)ax
r+6[1—-FQ)] »

0] 0]

e TEOE(r; w, t)dT + f e "TOH(dTw, t,6,9) | (6)

t

V(iw,t) = IIQl%)X l ft

Where H(dt; w, t,0,¥) =1 — f;zt)H(dw'; 7,0,1), is the probability that exit takes place

on [t, 7] and 6§[1 — F(y)] the hazard rate from unemployment to employment.

As in the search models presented by (Pissarides, 2000), the present value of being
unemployed (U) is equal to the discounted income flow of being unemployed (b), plus the
gain of receiving an acceptable job offer (equation 5). Moreover, the present value of being
on a match (V) is equal to the discounted value of being in the current match or changing for
a better job offer plus the discounted value of exiting the current match (equation 6). Using
the definitions of reservation wages (¢(w, t), 6(t), ) and the value of U and V, Jovanovic

(1984), solve the system of equations that have a unique solutions for U and V.

Furthermore, Jovanovic (1984, page. 114), defines p(z, w, t) as the probability that given
wage and tenure (w, t) today, the worker will not have left the current job by time z, and
finds that an increase in the current wage w increases p. The author presents two explanations
for this. First, the higher the current wage, the less likely it is that at any future time the wage

10



will fall to the point 6(.), where V[08(t),t] = U, at which point the worker will choose
unemployment. Moreover, the higher the wage is today, the higher would be in the future,
and the less likely it is that the worker will get a better job offer by another firm. This implies
that a worker with a higher wage and good match is less likely to leave the current job, while
a worker with a low wage or bad match is more likely to leave and search for a better job
offer. Second, Jovanovic's (1984) model predict that a worker would give up a job with a
stable wage in favor of a job with a lower initial wage, as long as the new job offered the
possibility of wage growth. This prediction has been also found in human capital models
(Mincer, 1974). Therefore Jovanovic (1984) model predict that the job to job hazard rate,
(Aw,t) = 2[1 = F(¢(w, t))], probability of accepting a job offer while being employed),
decreases with w and increases in t. This means that if the worker’s wage is held constant
while the worker”s productivity grows (because of his tenure), his alternative wage offer will
rise and he will be more likely to leave his current job for a better job offer. Therefore, the
model implies that workers who find themselves in a mismatch situation (low or stable wage),
are more likely to leave the current job until they find an adequate match. Therefore, skill

mismatch might cause labour turnover.
4. Data

To check the relation between skill mismatch and labour turnover in Colombia, we build a
measure of labour turnover using the Integrated Record of Contributions to Social Security
(PILA). PILA is a panel that links information about employers and employees. These
administrative records contain information about all hirings and separations® made by a
formal firm; that is, firms that report the social payments such as health and pension system
of their workers (by law the information is reported directly by each firm to the Minister of

Health every month). Therefore, we are not covering informal firms.

To focus just on firms, we exclude from our analysis those who are self-employed and are
reported in PILA. This account for around 16.2% of the total employment in PILA during
2017. Using PILA we are able to follow around 369.000 firms and 9.420.000 workers in the

& We do not have information about voluntary or involuntary separations.
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last year®. This data allows us to build the worker reallocation rate for the main 23 cities in
Colombia in both a monthly and quarterly frequency for the period 2009-2017.

We build the variable Worker Reallocation rate (WR) as our proxy of labour turnover, which
refers to the number of workers who change their labour status during a period of time.
According to Davis & Haltiwanger (1999), this variable is based on hirings and separations
measures as follows (the next notation follows Flérez, Morales, Medina, and Lobo, 2017 and
Morales and Medina, 2016):

Assume firm j; is a set of business-establishments with at least two employees. An individual
I;c is an employee observed in the payroll of firm j at period ¢t. Given that we have employer-
employee information, we can compute hirings (h;.) as the set of particular employees
observed in a given time that were not observed before. Similarly, separations (s;;) are

generated as the specific employees found in the previous periods that were not observed in
the current one. Then the set of hirings, separations, and stayers (k;) in a firm j in the period

t is defined as:
hjy ={i: i; € j; and i € ji4}
sjp ={i: it € jo and i; € jiq}

kip ={i:i; € j; and i; €ji4 }

We can calculate aggregate measures by cities, taking summations of all these previous sets.
Therefore, the aggregate flows of hirings (Ha) and separations (S,.) for city A are

represented as:
Hpt = Yjea hjes Sar = Yiea Sit
To simplify the exposition, we omit the subindex A. Thus, worker reallocation is given by:
WR, = H, + S,

All the measures discussed can be expressed as rates, in which case following Davis et al.

(19964, 1996b), we divide by a measure of employment level of firm j at time t defined

9 Given the information used in PILA, we are able to follow the change in the number of workers by firm. This measure
include workers of both full or part-time jobs, as long as they contribute to the pension or health system.

12



as: Xj¢ = (ejt + ejt_l)/z. Therefore, for using this notation, the employment level of any city
A can be defined as X5 = Yjea Xje. Figure 2 presents the dynamic across time of the WR

rate for the average of 23 main cities in Colombia. As we can observed, the WR rate is around
30% across all the analyzed period. It presents an increasing trend from 2009 to 2015, with
a decreasing trend in the last year and a half.

Figure 2: Worker Reallocation Rate (average 23 cities)

(2009-2017 quarterly)
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Source: Author’s calculations based on PILA.

The second variable we need to build is a measure of skill mismatch. Given that PILA does
not have information about the level of qualification required by each position in each firm,
and we do not have information about the level of education of each worker, we cannot use
this data to measure the skill mismatch. Therefore, to build our measure of skill mismatch by
the 23 cities in Colombia, we use the official Colombian Household Survey (GEIH). This is
a cross-section survey applied by the Official Statistics Bureau of Colombia (DANE) in a
monthly frequency. To make sure that both sources are comparable, we keep only individuals
who contribute to the social system payments and work in a firm with two or more
employees; that means salaried workers. To have a representative database at the city and

occupational level we build our database in a quarterly frequency, both with PILA and GEIH.
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In the literature, skill mismatch is defined as the difference between the years of education
that an individual has and the years of education required by his occupation. There are three
ways to measure the educational level required by an occupation (Dolton & Vignoles, 2000;
Madrigal, 2003; Mora, 2008; Ramos & Sanroma, 2013). The first one is called "job analysis",
it consists in determining the educational level required based on the international
occupational classifications made by professionals. The second method is called "self-
assessment™ approach, it is based on the assumption that the person currently doing the job
can best determine the level of education required®. Finally, the "realized matches” method,
uses information on the educational level of people who exercise a given occupation as the
measure of the education requirements, such as the mode, mean etc. (Leuven & Oosterbeek,
2011).

In this paper, we use the ““realized matches” method. We take individuals with the same
occupation and calculate the mode of the years of education. That would be a proxy of the
education requirements in each occupation. Then a person is in a mismatch situation when
his level of education is different from the mode of the educational level of those who
exercise his occupation. Moreover, a person is overqualified when his level of education is
higher than the mode and underqualified when it is lower (Kiker, Santos, and De Oliveira
1997).

The best measure of skill mismatch is to use a measure of the educational level required for
all occupations reported by DANE (at the two-digit levels) ! at each city. These would allow
us to capture the heterogeneity in the educational level requirement as the result of the
different level of productivity by cities. However, given the limitation of our data, we cannot
get a representative measure of the education level requirement at this level of
disaggregation.'? Considering this, we propose two measures of skill mismatch. In the first
one, we assume that the educational level required by an occupation does not change by

cities. Therefore, we use the mode of the years of education at the national level for all

10 Given the information used in PILA, we are able to follow the change in the number of workers by firm. This measure
include workers of both full or part-time jobs, as long as they contribute to the pension or health system.

11 Another self-reported way to measure mismatch is using the calculation of the underemployment by competences used
by DANE. However, in this paper, we prefer to avoid the use the self-reported methods.

12 According to the literature (Verbeek & Nijman, 1992) a that a representative aggregate measure, such as the mode, can
be obtained al least with 100 or more observations per group; to eliminate any possible bias in our estimates.
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occupations at the two-digit levels (i.e. 82 national modes of all occupations in each period).
For each city, we calculate the level of skill mismatch as the proportion of people whose level
of education do not match the level of education required (at the national level) in his

occupation, we call this measure as “skill mismatch-national”.

Figure 3: Skill mismatch comparison between measures

(2009-2017 quarterly)
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Source: Author’s calculations based on the household survey GEIH.

The second measure of mismatch, tries to capture the heterogeneity in the educational level
required by cities. To do so we have to aggregate some occupations. For this we use the
aggregate occupation groups defined by DANE (2015), according with this classification we
have 7 occupation groups!® (i.e. 7 occupation modes for each city- that is 161 modes in each
period). Therefore, for each city, we calculate the level of skill-mismatch as the proportion
of people whose level of education does not match with the level of education required (at

the city level) by his occupation, we call this measure as “skill mismatch-city”.

Figure 3 shows a comparison between the two measures proposed. The figure presents a
gap between the two measures of skill mismatch. The high mismatch is observed when using

the skill mismatch-city. However, the dynamics across time of both measures is very similar,

13 According to the classification used by DANE, seven major groups can be defined: 1. Professionals, technicians and
assimilated workers; 2. Directors and senior public officials; 3. Administrative staff and assimilated workers; 4. Merchants
and sellers; 5. Service workers; 6. Agricultural and forestry workers, fishermen and hunters; and 7. Non-agricultural
workers, drivers of machines and vehicles of transport and assimilated workers.
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with a reduction in the level of mismatch since 2015. Notice that a similar trend across time

is observed when comparing the dynamics of the average of WR rate (see Figure 2).

Table 1: Summary statistics average 2009-2017

Variable Obs Mean gte(\j/ Min Max

Labour market characteristics

Worker reallocation rate 828 31.21 6.06 16.75 56.91
Hiring rate 828 16.56 3.60 6.91 38.58
Separation rate 828 14.65 3.21 7.00 26.10
% mismatched workers (skill mismatch-city) 828 62.97 4.88 49.65 73.71
% overqualified workers (skill mismatch-city) 828 29.94 5.56 15.48 50.16
% underqualified workers (skill mismatch-city) 828 33.04 5.58 19.65 51.12
% mismatched workers (skill mismatch-national) 828 62.02 4.28 50.57 72.07
% overqualified workers (skill mismatch-national) 828 30.11 4.75 17.58 45.68
% underqualified workers (skill mismatch-national) 828 31.91 4.57 19.06 45.74
Employees’ average potential experience (years) 828 19.39 0.68 17.79 21.40
Employees’ average tenure (months) 828 71.32 9.65 46.43 107.22
% workers with fixed-term contract 828 21.49 4.10 10.98 33.10
% workers with higher education 828 22.35 4.49 12.85 38.85
Demographic characteristics

% male workers 828 57.75 2.48 50.35 65.43
% married workers 828 26.46 5.12 7.61 45.08
% workers under 25 years of age 828 20.03 3.07 10.93 30.86
% workers between 26-40 years of age 828 43.82 2.35 35.70 50.31
% workers between 41-50 years of age 828 20.50 2.06 12.27 28.33
% worker over 51 years of age 828 15.65 1.85 10.77 21.41

Source: Author’s calculations based on the household survey GEIH.

Additional to the WR and measures of skill mismatch by cities, we build (using the GEIH)
other variables that capture the demographic and labour market characteristics of each city
such as: sex, marital status, age, workers with higher education, potential experience!*,
tenure, whether the person has a fixed-term contract or not, and the economic sector®®. For

the categorical variables, the aggregate measure is the share of workers in each category with

14 potential experience is calculated as years of age minus years of education minus 6.

15 The variable sex takes the value 1 if the worker is a man and 0 otherwise, marital status takes the value 1 if the worker
is married and 0 otherwise, the variable age is divided into categories (25 or less, 26-40, 41-50, 51 or more) and takes the
value 1 if the worker belongs to a particular category and 0 otherwise, and the variable educational level takes the value 1
if the worker has a higher school degree and 0 otherwise.
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respect to the total salaried workers, and for continuous variables it is the mean value for
each city.

Table 1 shows the summary statistics for all of our variables of interest, for the period 2009-
2017. For the analyzed period the average-hiring rate (16.5%) is greater than the average-
separation rate (14.6%), which indicates good performance of the economy. The worker
reallocation rate (WR) is around 31.2% with a minimum value of 16.7% and a maximum
value of 56.9%. This implies a good variation across cities with a standard deviation of 6.0%.
The skill mismatch (using the “skill-mismatch-city” definition) is on average 62.97%, with
29.94% of overqualified workers and 33.04% underqualified. As we mentioned previously,
this measure is high when compared to some developed and developing countries (see Figure
1). Moreover, we find that on average the salaried employed workers have a tenure of 71.3
months (5.9 years) where around 21.5% of workers have a fixed-term contract and 22.3%
are educated. In terms of the demographic characteristics, we find that 57.7% of the salaried
workers are men, 26.6% are married and the majority of the sample is composed of people
between 26 and 40 years of age.

5. Empirical strategy and results
5.1 Panel fixed effects approach

In this section, following the prediction of the job matching model presented by Jovanovic
(1984), we explore the relationship between the share of skill-mismatched workers and the
worker reallocation rate across the main 23 cities in Colombia. In order to validate the
hypothesis that cities with a higher proportion of mismatched workers have higher worker
reallocation rates, we estimate panel fixed effects regression by cities. The equation that we
estimate can be represented as:

WR;: = a + Mismatch;:ff + X;,0 +y; + 8; + & (7)

Where WR;; is the worker reallocation rate in a city i at period t, Mismatch;, is the share of
mismatched workers of each city i at period t. Vector X;; contains demographic and labour
market characteristics of each city such as: the share of workers who are married, the share

of workers with a fixed-term contract, the average tenure, the average potential experience
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of workers, among others. y; is a city-specific fixed effect, §, stands for time fixed effect,
and ¢;; is the error term. The parameter of interest is 5, which captures how the WR change
when the mismatch measure increases by one unit.

We estimate the model using a within transformation in order to eliminate the constant
unobserved heterogeneity which is specific to each city. Given that unobservable common
factors are uncorrelated with the explanatory variables, we are confident that our coefficients
are not biased. However, the possible presence of cross-sectional dependence between cities
may bias our standard errors, therefore, statistical inference based on such standard errors
could be invalid (Hoechle, 2007).1¢

Since we are analysing cities in the same country, it is easy to see that these units are likely
to be subject to both observable and unobservable common "shocks" that may be explained
by country norms, neighbourhood effects, and economic interdependence. To deal with this
cross-sectional correlation, we make the correction of standard errors proposed by Driscoll
and Kraay (1998), which uses nonparametric methods to estimate a covariance matrix that is
consistent to heteroskedasticity, autocorrelation, and is robust to general forms of cross-

sectional dependence.

Table 2 presents the results of the estimation of equation (7) using both of our mismatch
definitions. Columns (1) and (2) shows the results with the skill mismatch-city measure and
columns (3) and (4) shows the results with skill mismatch-national measure. To simplify the
interpretation of the coefficients, all variables are standardized; therefore, the effects are
interpreted as changes of WR;;, expressed in terms of standard deviations, as a result of an
increment in one standard deviation of the independent variable. In the second column of
each option we include the correction of the standard errors as proposed by Driscoll and
Kraay (1998).

16 Using cluster-robust standard errors will not help here because the correlations across groups of cross sections take
nonzero values (De Hoyos & Sarafidis, 2006).
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Table 2: Fixed-effects panel estimation by cities

Skill mismatch-city Skill mismatch-national
Variables (1) (2) 3) 4
WR WR WR WR

Without D-K ~ With D-K  Without D-K ~ With D-K

Labour market characteristics

Mismatched workers 0.1276*** 0.1276*** 0.1081** 0.1081**
(0.043) (0.044) (0.044) (0.048)
Potential experience 0.2386*** 0.2386** 0.2228*** 0.2228**
(0.081) (0.089) (0.081) (0.089)
Tenure 0.1122* 0.1122 0.1149* 0.1149
(0.058) (0.080) (0.058) (0.080)
Workers with fixed-term contract 0.1121*** 0.1121* 0.1124*** 0.1124*
(0.039) (0.055) (0.039) (0.056)
Males -0.0554 -0.0554 -0.0532 -0.0532
(0.040) (0.058) (0.040) (0.058)
Married 0.1520** 0.1520 0.1512** 0.1512
(0.073) (0.088) (0.073) (0.090)
Higher education 0.1342* 0.1342 0.1251* 0.1251
(0.073) (0.092) (0.073) (0.092)

Demographic characteristics
Age 25 or less (ref)

Age 26-40 -0.1047* -0.1047* -0.0965* -0.0965*
(0.054) (0.050) (0.055) (0.049)
Age 41-50 -0.1984** -0.1984** -0.1880** -0.1880**
(0.077) (0.084) (0.077) (0.085)
Age 50 or more -0.3080***  -0.3080***  -0.2933*** -0.2933***
(0.099) (0.102) (0.099) (0.102)
Constant 1.0157*** 1.0157*** 1.0117*** 1.0117***
(0.147) (0.082) (0.147) (0.082)
Observations 828 828 828 828
R-squared within 0.3134 0.3109

Notes: Standard error in parentheses. * p<0.1, **p<0.05, ***p<0.01. Skill mismatch-city: mismatch calculated based on
modes by city at the one-digit level. Skill mismatch-national: mismatch calculated based on national modes at the two-digit
level. The dependent variable is WR in all the specifications. All independent variables represent proportions or means by
city. Specifications (2) and (4) are corrected with Driscoll-Kraay standard errors (D-K).

Finally, to guarantee that our mismatch measures are representative at the occupational levels
explored in this study, we eliminate all occupations with less than 100 individuals by cities
in each quarter®’ (Verbeek & Nijman, 1992). This correction eliminates any possible bias in

17 There are some occupations that are not representative even if we use the sample with all occupied workers instead of
salaried workers. This is the case of occupations such as agriculture since the analysis is only for urban zones. Then, from
the sample of salaried workers, we lose a 10% of occupations that become unrepresentative.
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our mismatch estimates'®.Columns (2) and (4) in Table 2 show that, after using the standard
errors correction, the proportion of mismatched workers has a positive and significant effect
on the worker reallocation rate (WR). One standard deviation of increment in the proportion
of mismatched workers increases the WR rate around 0.12 or 0.11 standard deviations. These
results indicate that there is not an important difference between the two measures of
mismatch. Moreover, cities where workers have a high potential experience and fixed-term
contract present a higher WR rate. Then WR rate increase 0.11 standard deviations per
standard deviation of increment in the fixed-term contract. Variables such as proportion of
males, married and higher education are not significant after the standard errors correction.
Finally, the demographic characteristics are important to determine the WR rate. As is
suggested by the literature, cities with elderly workers have a lower WR rate than cities with

younger workers.

Table A2 from Appendix shows the panel estimation when we separate the mismatched
measure between overqualified and underqualified workers. The results show that the
proportion of overqualified workers is significant, while the proportion of underqualified
workers is not. Therefore, the mismatch effect is explained mainly by the overqualified
workers effect (as is also found in the literature, see Mora (2008), Alba-Ramirez (1993),
among others). Then, one standard deviation of increment in the proportion of overqualified
workers increase the WR rate around 0.21 or 0.18 standard deviations. This results is
consistent with the job matching model proposed by Jovanovic (1984), which suggests that
if a workers is not satisfied with his current job, he would prefer voluntary to leave his job
until he finds a better match.

As we mentioned in the data description, the worker reallocation rate is the sum of separation
and hiring rates, therefore, we can separate both measures and estimate equation (7) with
each of his components. Table 3 shows the results for both measures of mismatch. The
coefficient of mismatched workers is positive and significant in the case of separation rates
while it is not when using the hiring rate. This result is in line with the job matching theory,

18 To make sure our results do not change with the exclusion of the occupations that are not representative in the skill
mismatch measure, we estimate the same regression as in Table 2 with the full sample. Table A1 from Appendix present
these results. In this case, we find that the relation between the proportion of mismatched workers and labour turnover is
positive and significant.
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where the mismatch affects the worker reallocation rate only through separations. Notice that
these results are very similar for both measures of mismatch. Therefore one standard
deviation of increment in the proportion of mismatch workers increases the separation rate

around 0.15 standard deviations.

Table 3: Fixed-effects panel estimation by cities with separations (S) and hirings (H)

Skill mismatch-city Skill mismatch-national
Variables (€ (2 3) 4
S H S H

With D-K  WithD-K  With D-K With D-K

Labour market characteristics

Mismatched workers 0.1533*** 0.0780 0.1485** 0.0494
(0.047) (0.054) (0.061) (0.054)
Potential experience 0.1258 0.2895*** 0.1074 0.2792**
(0.091) (0.101) (0.092) (0.102)
Tenure 0.0286 0.1634 0.0315 0.1654
(0.052) (0.127) (0.053) (0.127)
Workers with fixed-term contract 0.0999* 0.0996* 0.0997* 0.1003*
(0.057) (0.053) (0.058) (0.053)

Demographic characteristics
Age 25 or less (ref)

Age 26-40 -0.0998 -0.0873 -0.0874 -0.0844
(0.059) (0.067) (0.059) (0.069)
Age 41-50 -0.1324 -0.2159** -0.1184 -0.2109**
(0.089) (0.090) (0.091) (0.092)
Age 50 or more -0.2057 -0.3349*** -0.1886 -0.3254**
(0.123) (0.114) (0.125) (0.117)
Constant 1.1276***  0.7039***  1.1226*** 0.7015***
(0.085) (0.103) (0.085) (0.103)
Observations 828 828 828 828

Notes: Standard error in parentheses. * p<0.1, **p<0.05, ***p<0.01. Skill mismatch-city: mismatch calculated based on
modes by city at the one-digit level. Skill mismatch-national: mismatch calculated based on national modes at the two-digit
level. All independent variables represent proportions or means by city. All specifications are corrected with Driscoll-Kraay
standard errors (D-K). We also include the proportion of males, married and higher education variables by city however
once using the DK correction they are no longer significant.

In order to take into account the productive structure or specific labour demand of each city,
we control for the occupation rate by the level of occupations at one-digit code and the
occupation rate by the economic sector at each city. This allow us to separate the effect of

any specific demand observed in a particular city and the effect of the skill mismatch itself.
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Table 4 presents the results of the estimation with these additional controls'®. Column (1)
present the results when controlling by occupations, and column (2) when controlling by
economic sectors. As we can see, the variable of skill mismatch is still significant, and the
coefficients are higher than those found in Table 2. However, for this case, the proportion of
workers with fixed term contract by city are no longer significant.

Moreover, another variable we control is the institution of the minimum wage. Even though,
the minimum wage is determined at national level, its level of restrictiveness (when analysing
the relation between the minimum wage ratio and the wage at the 70" percentile) is different
across cities. For example, Arango & Florez (2017) have found a strong heterogeneity in the
level of restrictiveness of the minimum wage in Colombia; using these variation the authors
find that for cities like Popayén, Villavicencio, Neiva y Florence, the effect of the minimum
wage in the informality outcome is higher when comparing with the rest of cities. Column
(3-5) control for this minimum wage ratio. Column (3) present the results when using the
WR rate. In this case, as we expect, cities with a restrictive minimum wage (high minimum
wage ratio) present low WR rate (similar results are found by Flérez, Morales, Medina, &
Lobo, 2017). The channel where we can see this effect is through a lower hiring rate- H (see
column (5)). Then, when controlling by the minimum wage institution we find that the effect
of skill mismatch is still positive and significant, especially when studying the WR rate and
the separation rate (column (3) and (4)). Similar results were found when using measure of
skill mismatch-national, see Table A3 in appendix.

5.2. Robustness check?°

One of the robustness check we can implement in our empirical exercise is to change the
criteria we use to define when a person is in a mismatch situation. Remember, so far we

define a mismatch if the years of education of the individual are different from the mode of

19 'We also control by the size of the firm, including the proportion of workers who work in firms with 2 to 5 employees, 6
to 100 employees, and more than 100 employees. Our results show that cities with a high proportion of workers in large
firms have a higher worker reallocation rate. The results are upon request.

20 We also did the exercise of building the WR using data from GEIH. We have the change in employment and we can
calculate hirings as individuals who have a tenure less than 3 months. Then, separations can be calculated as the difference
between the change in employment and hirings. The mismatch variable is positive and significant in the case of the skill
mismatch-national measure, but with the skill mismatch-city measure, the coefficients are not significant. The WR measure
built with data from GEIH is less precise than WR from PILA. The first one is estimated using a sample while the second
one utilizes the real WR reallocation built from administrative records. For this reason, we prefer to use the WR from PILA
which is more accurate.
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the years of education of his occupation. However, we can define a mismatch if the years of
education of the individual are different from the mode plus 0.5 standard deviations of his
occupation. In this case, the probability of being in mismatch is lower than in the previous

case.

Table 4: Fixed-effects panel estimation by cities with additional controls
Skill mismatch-city

Variables I/(I}I)i' I/(IEI)K' I/(I:;I)i' (;1:) (15{)

With D-K With D-K With D-K With D-K  With D-K

Labour market characteristics

Mismatched workers 0.1611%**  (.1514%** 0.1326** 0.1700%** 0.0715
(0.032) (0.040) (0.050) (0.054) (0.060)
Potential experience 0.3506** 0.3091** 0.1830** 0.0831 0.2339%*
(0.129) (0.113) (0.083) (0.081) (0.098)
Tenure 0.0846 0.0934 0.1589* 0.0265 0.2438*
(0.073) (0.075) (0.081) (0.050) (0.1245)
Workers with fixed-term contract 0.0830 0.0784 0.0941 0.0908 0.0773
(0.052) (0.061) (0.068) (0.063) (0.065)

Demographic characteristics

Age 25 or less (ref)

Age 26-40 -0.1647**  -0.1438**  -0.1093** -0.0569 -0.1332%*
(0.065) (0.062) (0.051) (0.053) (0.062)

Age 41-50 -0.2863**  -0.2450** -0.1264* -0.0426 -0.1748*
(0.112) (0.103) (0.072) (0.063) (0.088)

Age 50 or more -0.4220%**  -0.3885***  -0.2679** -0.1285 -0.3363**
(0.1412) (0.126) (0.103) (0.105) (0.123)

Constant 1.1975%**  0.9857***  0.4754***  (0.2723***  (.5573%**
(0.090) (0.094) (0.049) (0.065) (0.057)

Institutions

A Minimum wage relative to the 70th

percentile -0.0541** -0.0374 -0.0577**

(0.024) (0.023) (0.023)

Control by occupation groups v

Control by economic sectors v

Observations 828 828 736 736 736

Notes: Standard error in parentheses. * p<0.1, **p<0.05, ***p<0.01. Skill mismatch-city: mismatch calculated based on
modes by city at the one-digit level. All variables represent proportions or means by area. All specifications are corrected
with Driscoll-Kraay standard errors (D-K). We also include three variables by city, the proportion of males, proportion of
married workers and proportion of workers with higher education. However after using the DK correction they were no
longer significant.
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Table 5: Fixed-effects panel estimation by cities changing the definition of mismatch

Skill mismatch-city Skill mismatch-national
Variables \/(\}l)Q (2) V(\:lgl)? (4)
Without D- .WR Without D- .WR
K With D-K K With D-K
Labour market characteristics
Mismatched workers 0.0741** 0.0741** 0.0748* 0.0748
(0.032) (0.031) (0.039) (0.044)
Potential experience 0.2312*** 0.2312** 0.2111*** 0.2111**
(0.081) (0.092) (0.081) (0.091)
Tenure 0.1002* 0.1002 0.1081* 0.1081
(0.059) (0.081) (0.059) (0.081)
Workers with fixed-term contract 0.1189*** 0.1189* 0.1165*** 0.1165*
(0.039) (0.057) (0.039) (0.057)
Males -0.0593 -0.0593 -0.0492 -0.0492
(0.040) (0.056) (0.040) (0.059)
Married 0.1337* 0.1337 0.1447** 0.1447
(0.073) (0.086) (0.073) (0.090)
Higher education 0.1270* 0.1270 0.1169 0.1169
(0.073) (0.094) (0.072) (0.093)
Demographic characteristics
Age 25 or less (ref)
Age 26-40 -0.1097** -0.1097** -0.0971* -0.0971**
(0.054) (0.049) (0.055) (0.046)
Age 41-50 -0.1996***  -0.1996** -0.1848** -0.1848**
(0.077) (0.084) (0.077) (0.085)
Age 50 or more -0.3001***  -0.3001***  -0.2804*** -0.2804**
(0.099) (0.104) (0.099) (0.104)
Constant 1.0116*** 1.0116*** 0.9899*** 0.9899***
(0.147) (0.084) (0.148) (0.082)
Observations 828 828 828 828
R-squared Within 0.3101 0.3087

Notes: Standard error in parentheses. * p<0.1, **p<0.05, ***p<0.01. Skill mismatch-city: mismatch calculated based on
modes by city at the one-digit level. Skill mismatch-national: mismatch calculated based on national modes at the two-digit
level. The dependent variable is WR in all the specifications. All independent variables represent proportions or means by
city. Specifications (2) and (4) are corrected with Driscoll-Kraay standard errors (D-K).

Table 5 presents the results changing the definition of mismatch. The mismatch coefficient
in the regression with the measure skill mismatch-city is still positive and significant.
However, comparing the results with those found in Table 2, the coefficients are lower,
therefore, one standard deviation of increment in the proportion of mismatched workers

increases the WR rate around 0.07 standard deviations. The rest of variables still significant
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and with the expected signs. However, when we analyse the results using the skill mismatch-
national measure the coefficient with the Driscoll-Kraay correction is no longer significant.
These results may be explained due to the fact that this measure presents a lower variation
across cities, then, changing the strictness of the definition may reduce more his variation
(see Table 1).

Finally, we explore an additional approach, also suggested in the literature, to capture the
relationship between skill mismatch and labour mobility. In this case, we use individual data
instead of a panel data by cities. In this case, we are not able to control for the unobserved
heterogeneity. However, using the pool of individual data, we are able to use another proxy
of labour turnover, widely used in the literature (Hersch, 1991, 1995; McGuinness &
Wooden, 2007; Robst, 1995; Verhaest & Omey, 2006). This variable is the “quit intention”
and is built using the following question from the GEIH: Do you want to change your job?
Therefore, the dependent variable takes the value 1 if the worker wants to change his job and
0 otherwise. The independent variables are the same as in the previous exercises but they are
defined for each individual instead of cities.

Table 6 presents the marginal effects of a probit estimation using the skill mismatch-city and
skill mismatch-national measures. Moreover, given that we are using only the information
from the GEIH we can separate the individuals into salaried workers and non-salaried
workers. Again, in this case, the mismatch variable is positive and significant but only for
those salaried workers. Then a salaried worker in a mismatch situation is more likely to quit
his job. The rest of the variables are also significant and, in general, lead to the same
conclusions as when using the fixed effect model approach. The result for those non-salaried
workers is expected to be not significant, given the nature of non-salaried workers who are

usually self-employed and informal workers.
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Table 6: Pool regression: marginal effects from a probit

Skill mismatch-city Skill mismatch-national
Variables (1) (2 (3) (4)
Quitintention  Quitintention  Quitintention  Quit intention
Salaried Non-salaried Salaried Non-salaried
Labour market characteristics
Mismatched workers 0.0095*** -0.0013 0.0119%** 0.0015
(0.001) (0.001) (0.001) (0.001)
Potential experience 0.0014%** -0.0023%** 0.0013*** -0.0022%**
(0.000) (0.000) (0.000) (0.000)
Tenure -0.0009%** -0.0008*** -0.0009%** -0.0008***
(0.000) (0.000) (0.000) (0.000)
Workers with fixed-term contract -0.0012 -0.0723*** 0.0004 -0.0721***
(0.001) (0.007) (0.001) (0.006)
Males -0.0147%* 0.0232%** -0.0137%** 0.0246%**
(0.001) (0.001) (0.001) (0.001)
Married -0.0385%** -0.0615%** -0.0389%** -0.0637***
(0.001) (0.001) (0.001) (0.001)
Demographic characteristics
Age 25 or less (ref)
Age 26-40 -0.0243*** 0.0418*** -0.0241%** 0.0427***
(0.002) (0.002) (0.002) (0.002)
Age 41-50 -0.0449%** 0.0504%** -0.0451%** 0.0505%**
(0.003) (0.004) (0.003) (0.004)
Age 50 or more -0.0954%** -0.0046 -0.0951*** -0.0056
(0.004) (0.005) (0.004) (0.005)
Higher education -0.0371%** -0.0964%** -0.0390%** -0.0981%**
(0.001) (0.003) (0.001) (0.003)
Observations 1,497,733 1,282,602 1,512,650 1,363,030
Pseudo R? 0.0488 0.0532 0.0498 0.0532

Notes: Standard error in parentheses. * p<0.1, **p<0.05, ***p<0.01. We use robust standard errors correction.

6. Conclusion

We show that there exists a relationship between skill mismatch and labour reallocation in a
developing country such as Colombia, as suggested by Jovanovic's (1979a, 1979b, 1984) job
matching theory. Using an aggregate panel data at the city level (23 main cities in Colombia),
with a quarterly frequency for the period 2009-2017, we find that one standard deviation of
increment in the proportion of mismatch workers increases the WR rate around 0.12 standard

deviations. Moreover, we find that the WR rate increase 0.11 standard deviations per standard
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deviation of increment in the fixed-term contract. Variables such as proportion of workers
who are males, married and with higher education are not significant after the Driscoll-Kraay
standard errors correction. Finally, the demographic characteristics are important to
determine the WR rate. As is suggested by the literature, cities with elderly workers have a

lower WR rate than cities with younger workers.

We also find that the positive effect of skill mismatch and labour reallocation is explained
mainly by the increase in separations, in line with our theoretical framework.. Therefore, one
standard deviation of increment in the proportion of mismatch workers increases the
separation rate around 0.15 standard deviations. The effect on hirings is not significant. We
also control for the productive structure of each city, using the occupation rate by the level
of occupations at one-digit code and the occupation rate by the economic sector at each city.
Even controlling for the different productive structure of each city, we find that the skill
mismatch is still significant and positive.

Furthermore, we control for the level of restrictiveness of the minimum wage in each city
(measured as the relation between the minimum wage ratio and the wage at the 70"
percentile). We find that cities with a restrictive minimum wage (high minimum wage ratio)
present low WR rate (similar results are found by Flérez, Morales, Medina, & Lobo, 2017).
Then, when controlling for the minimum wage institution we find that the effect of skill
mismatch is still positive and significant, especially when studying the WR rate and the
separation rate.

Finally, we capture the relationship between skill mismatch and labour mobility using
individual data, instead of panel data. In this case, we are not able to control for the
unobserved heterogeneity, but we can use a widely used variable in the literature, the “quit
intention”. In this case, the mismatch variable is positive and significant for salaried workers.
Then a salaried workers in a mismatch situation is more likely to quit his job. The rest of the
variables are also significant and, in general, lead to the same conclusions as when using the

fixed effect model approach.

As we mentioned before, the skill mismatch is costly for both firms and workers. We find
that it increases the labour turnover in the labour market, causing a negative effect on the
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human capital accumulation in a particular firm, with a potential negative effect on the level
of productivity of the firms. Therefore, we need to develop strategies that improve the
adequate qualification of workers, as well as the search process for both workers and firms
in order to reduce the level of mismatch in a developing country like Colombia.
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Appendix

Table Al: Fixed-effects panel estimation by cities with the full sample

Variables

Skill mismatch-city

Skill mismatch-national

1) (2) @) (4)
Without D-K With D-K Without D-K With D-K
Labour market characteristics
Mismatched workers 0.1314*** 0.1314*** 0.1179*** 0.1179**
(0.043) (0.045) (0.044) (0.048)
Potential experience 0.2395*** 0.2395** 0.2231*** 0.2231**
(0.081) (0.090) (0.081) (0.089)
Tenure 0.1125* 0.1125 0.1146* 0.1146
(0.058) (0.080) (0.058) (0.079)
Workers with fixed-term contract 0.1126*** 0.1126* 0.1121%** 0.1121*
(0.039) (0.055) (0.039) (0.056)
Males -0.0568 -0.0568 -0.0534 -0.0534
(0.040) (0.058) (0.040) (0.059)
Married 0.1517** 0.1517 0.1522** 0.1522
(0.073) (0.088) (0.073) (0.090)
Higher education 0.1374* 0.1374 0.1270* 0.1270
(0.073) (0.092) (0.072) (0.092)
Demographic characteristics
Age 25 or less (ref)
Age 26-40 -0.1047* -0.1047* -0.0953* -0.0953*
(0.054) (0.050) (0.055) (0.048)
Age 41-50 -0.1996*** -0.1996** -0.1875** -0.1875**
(0.077) (0.085) (0.077) (0.085)
Age 50 or more -0.3099*** -0.3099*** -0.2933*** -0.2933***
(0.099) (0.102) (0.099) (0.102)
Constant 1.0144*** 1.0144*** 1.0086*** 1.0086***
(0.147) (0.082) (0.147) (0.082)
Observations 828 828 828 828
R-squared Within 0.3138 0.3117

Notes: Standard error in parentheses. * p<0.1

**p<0.05 ***p<0.01 Skill mismatch-city: mismatch calculated based on

modes by city at the one-digit level. Skill mismatch-national: mismatch calculated based on national modes at the two-digit
level. The dependent variable is WR in all the specifications. All variables represent proportions or means by area.
Specifications (2) and (4) are corrected with Driscoll-Kraay standard errors (D-K).
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Table A2: Fixed-effects panel estimation by cities dividing mismatch by overqualified
and underqualified workers

Skill mismatch-city Skill mismatch-national

Variables (1) (2) (3) (4)
Without D-K ~ With D-K  Without D-K  With D-K

Labour market characteristics

Overqualified workers 0.2183*** 0.2183*** 0.1807*** 0.1807***
(0.052) (0.056) (0.054) (0.049)
Underqualified workers 0.0433 0.0433 -0.0076 -0.0076
(0.055) (0.059) (0.067) (0.106)
Potential experience 0.3357*** 0.3357*** 0.3411*** 0.3411***
(0.084) (0.097) (0.092) (0.119)
Tenure 0.0852 0.0852 0.0873 0.0873
(0.058) (0.081) (0.059) (0.084)
Workers with fixed-term contract 0.1039*** 0.1039* 0.1025*** 0.1025*
(0.039) (0.057) (0.039) (0.056)
Males -0.0565 -0.0565 -0.0579 -0.0579
(0.039) (0.055) (0.040) (0.057)
Married 0.1274* 0.1274 0.1505** 0.1505
(0.072) (0.087) (0.073) (0.090)
Higher education 0.1519** 0.1519* 0.1047 0.1047
(0.072) (0.086) (0.073) (0.082)

Demographic characteristics
Age 25 or less (ref)

Age 26-40 -0.1528*** -0.1528*** -0.1420** -0.1420**
(0.055) (0.050) (0.057) (0.051)
Age 41-50 -0.2692*** -0.2692*** -0.2658*** -0.2658**
(0.078) (0.089) (0.082) (0.101)
Age 50 or more -0.3966*** -0.3966*** -0.4013*** -0.4013***
(0.102) (0.107) (0.107) (0.121)
Constant 1.0544*** 1.0544*** 0.9121*** 0.9121***
(0.146) (0.082) (0.151) (0.097)
Observations 828 828 828 828
R-squared Within 0.3261 0.3168

Notes: Standard error in parentheses. * p<0.1 **p<0.05 ***p<0.01 Skill mismatch-city: mismatch calculated based on
modes by city at the one-digit level. Skill mismatch-national: mismatch calculated based on national modes at the two-digit
level. The dependent variable is WR in all the specifications. All variables represent proportions or means by area.
Specifications (2) and (4) are corrected with Driscoll-Kraay standard errors (D-K).
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Table A3: Fixed-effects panel estimation by cities with additional controls

Skill mismatch-national

Variables \/(\22 \/(\322 V(\% (g) (a)

With D-K With D-K With D-K With D-K  With D-K

Labour market characteristics

Mismatched workers 0.1478***  (.1320*** 0.1013* 0.1709** 0.0181
(0.041) (0.042) (0.056) (0.066) (0.062)
Potential experience 0.3530%* 0.2922%* 0.1683* 0.0651 0.2252**
(0.133) (0.114) (0.085) (0.082) (0.100)
Tenure 0.0869 0.0956 0.1617* 0.0292 0.2462*
(0.073) (0.074) (0.081) (0.051) (0.123)
Workers with fixed-term contract 0.0841 0.0780 0.0946 0.0900 0.0790
(0.054) (0.062) (0.069) (0.063) (0.066)

Demographic characteristics
Age 25 or less (ref)

Age 26-40 -0.1546**  -0.1325** -0.1016* -0.0408 -0.1347*
(0.062) (0.061) (0.050) (0.052) (0.065)

Age 41-50 -0.2844**  .0.2322** -0.1163 -0.0249 -0.1736*
(0.108) (0.104) (0.075) (0.063) (0.093)

Age 50 or more -0.4206***  -0.3706***  -0.2530** -0.1095 -0.3282**
(0.142) (0.1275) (0.105) (0.105) (0.129)

Institutions

A Minimum wage relative to the 70th

percentile -0.0552** -0.0380 -0.0591**

(0.024) (0.024) (0.023)

Constant 1.1747%**  0.9802***  0.4718***  0.2875***  (.5376***
(0.132) (0.093) (0.051) (0.072) (0.055)

Control by occupational groups v

Control by for economic sector v

Observations 828 828 736 736 736

Notes: Standard error in parentheses. * p<0.1, **p<0.05, ***p<0.01. Skill mismatch-city: mismatch calculated based on
modes by city at the one-digit level. All variables represent proportions or means by area. All specifications are corrected
with Driscoll-Kraay standard errors (D-K). We also include three variables by city, the proportion of males, proportion of
married workers and proportion of workers with higher education. However, after using the DK correction they were no
longer significant.
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