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Major-occupation mismatch is a phenomenon where students graduated from
one field of study but choose to work in another unrelated one. Due to lack of necessary
skills and knowledge, the job is underperformed. As a result, the worker receives lower
returns to education. These outcomes show that mismatch worse off both employer and

employee.

This Thesis aims at studying a potential factor that contributes to decision to
choose mismatch occupation among college graduates with focus on new graduates.
The factor studied is earnings expectation, whether it has effect on decision for
graduates to opt for mismatch occupation. Data used in this research comes from
resumes obtained from online job market in Thailand. Results indicate that earnings
expectation consistently has positive effect on probability of a choice to be chosen. If
graduates expect higher earnings from a mismatch occupation, they will be more likely
to choose it over the match one. Size of effect from earnings expectation depends on
whether the major they graduated from trains general or specific skills. Mismatch
probability changes significantly for graduates from majors that train an appropriate
level of specific skills. Graduates from majors training either highly general or highly

specific skills will be less responsive to earnings expectation changes.

For policy implication, the results indicate that raising earnings can reduce
major-occupation mismatch for some occupations. They must require an appropriate

level of specific skills, not too general or too specific.
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Chapter 1: Introduction

1.1 Importance of horizontal mismatch problem

Postsecondary education, mostly known as college education, is one important
phase of individual’s life before he/she enters labor market. One aspect is that
postsecondary education equips its students with skills necessary for working in some
specific occupation. Upon matriculating in college, students will choose field of study,
also known as college major, that suits their interested occupation. For example,
students aim at working as electrical engineer should choose electrical engineering as
their college major. Another aspect is that postsecondary education usually comes with
high cost, both money and time. Decision to enroll in college is thus one big investment
for every individual’s life. From perspective of firms, all employers always want to
have productive workers join them and perform jobs in their organization, so they could
gain higher profit. The higher income of firms could somehow reflect higher earnings
for individuals in the society, leading to higher welfare for the economy as a whole.
When welfare becomes related, policy maker will also have to pay attention. So, it is
always of interest for firms and policy maker to support production of these human
resources.

One problem observed in labor market is that college graduates work in a job
unrelated to their field of study. The phenomenon is called major-occupation mismatch,
or horizontal mismatch. This creates losses for both employer and employee. For
employer side, the mismatch worker will not be able to perform job at full capacity due
to lack of some necessary skills and knowledge. Result is the job yields less productivity
for firm. For employee side, on the other hand, as the job being underperformed, he/she
will also receive less returns, in this case earnings. This is proven by findings from the
growing body of literature of horizontal mismatch. All find negative impact of
horizontal mismatch on earnings, with different degree in different major-job pairs.
Compared to workers who graduated from the appropriate field of study, with the
similar amount of money and time investment, they could reap more benefits from the
job. These shows both employer and employee are worse off from being mismatched:
lower productivity for firm and lower returns to education for worker. For the economy
as a whole, welfare of the society would also drop.

As the problem becomes more and more prevalent nowadays, efficiency of
economic activities would now decline sharper than ever. Thus, it is economist’s job to
explore, understand, and find a way to solve, or at least mitigate, this problem.



1.2 Objective

This research aims at being a starting point of exploration on factors that
contributes to the major-occupation mismatch. In this research, | choose to study effect
of earnings expectation on mismatch decision among college students, focusing on new
graduates. This research would reveal whether earnings expectation has impact on
mismatch decision and at how much degree. It will also analyze mismatch behavior of
graduates from various college majors, whether they are similar or different. Finally,
the research will suggest whether policy maker could reduce major-occupation
mismatch through earnings intervention, such as setting minimum earnings for some
occupations.

1.3 Expected benefits

This research will contribute knowledge to the sparse literature of horizontal
mismatch by examining potential factor affecting major-occupation mismatch decision.
In this case, economists will start to see how earnings expectation has impact on the
mismatch decision. Empirical evidence found here will also give both economists and
education-related policy makers a better understanding of the situation in the job
market: how college graduates form earnings expectation, how responsive to earnings
expectation they are, how many graduates want to switch to other occupation right after
graduation, etc. Finally, results from this research will help suggest policy makers on
what could be done to reduce major-occupation mismatch in the job market, at least for
some occupations.

1.4 Scope of the study and limitations

There are two main scope of this study.

1. Only new college graduates are studied. The main reason for this is the potential
learning occur during their past jobs. If college graduates already have some
work experience, it is possible that they have entered the match job of their field
of study and find it unpleasant, thus they switch afterward. Such behavior may
not be considered as mismatch because they already tried the match job. Also,
this case cannot be observed easily. To exclude such potential problem, I limit
my analysis to only new college graduates.

2. Only those applied for full-time job are studied. This is because there are as
much as four types of jobs in the market: full-time, part-time, intern, and
freelance. Each has almost distinct structure of pay and working behavior. As
majority of openings is full-time, and so as job seeker, | choose only college
graduates who seek full-time job.



There are also some limitations for this study. Nevertheless, the research is still
worth conducting.

1. Mismatch observed in this research is not actual mismatch, but rather “intention
to be mismatched”. Data used in this research reflects how college graduates
think and expect about each occupation along with their chosen occupation
choice. Results from this research are thus how mismatch decision of college
graduate’s changes when earnings expectation changes. | cannot observe
whether the actual job they get is the match or mismatch one, so the actual
mismatch in the job market may be different. For example, a college graduate
indicates that he graduated from economics but he wants to work as a reporter
with some level of earning expectation. However, if they actual offer is lower
than his expectation, he might not accept the offer and instead return to his
match occupation. Nevertheless, results remain fruitful as we will understand
how these graduates think and react to changes in earnings expectation. No
matter how the actual mismatch rate would be, these behaviors of college
graduates will still be the same.

2. Results from the research may not represent the entire population. Observations
used in this research are only those who used online job market to find job
openings. Also, the market chosen consists of primarily middle and lower class
of jobs. If these observations have some specific traits that are different from
the rest of population, then results would be biased. However, from the fact that
most households now have access to the Internet and that number of applicants
is large, it is believable that they have no selection bias. Furthermore, since
middle and lower class of jobs are the major portion of jobs in the market, results
could represent majority of population, though not entirely.



Chapter 2: Literature Review

When people make decision about occupation, one aspect is to maximize their
expected lifetime utility. An individual chooses an occupation that best match their
skills and yield the most returns. But before individuals enter labor market, they must
acquire skills necessary for their target occupation. These skills are mostly provided
through education. So, individuals have to make schooling decision before entering
labor market. At first, economists assume schooling to provide the same skill. Only
number of years of schooling makes differences. Individuals thus make both schooling
and occupation decision at the same time. Some remarkable researches in this approach
are (Willis & Rosen, 1979), (Miller, 1984), and (Keane & Wolpin, 1997).

As the literature grows, heterogeneity in postsecondary education starts to play
role. College education provides students with skills necessary for each specific
occupation, not all the same as previously assumed. This lead to an emergence of
research on college major choice. Students choose an optimal choice set to maximize
their expected lifetime utility conditioned on their abilities and preferences. Earlier
works have focused on monetary returns to major choice. For example, (Berger, 1988)
found that major yielding higher earnings stream has higher probability to be chosen.
Some research studied other factors affecting returns to college education, such as
returns to mathematical ability (Paglin & Rufolo, 1990), college selectivity (Loury &
Garman, 1995) and economic trend (Grogger & Eide, 1995). However, as research
progress, economists started to find significant differences that cannot be explained by
differences in earnings alone. Gender difference between majors (Turner & Bowen,
1999), probability to graduate from major (Montmarquette, Cannings, & Mahseredjian,
2002), and ability sorting (Arcidiacono, 2004) have been studied. All found that
earnings can explain these phenomena but there remains large unexplainable portion.

To present, findings about domination between pecuniary and nonpecuniary
returns in college major decision are quite mix. (Altonji, Blom, & Meghir, 2012)
provides a very good review for this literature. Two examples are (Beffy, Fougere, &
Maurel, 2012) and (Long, Goldhaber, & Huntington-Klein, 2015) who used expected
earnings fluctuation caused by business cycle as a source of variation. (Beffy et al.,
2012) studied in the context of France and Long et al. studied in the context of United
States. (Beffy et al., 2012) argued that expected earnings have low impact, (Long et al.,
2015) insisted that expected earnings have high impact on college major choice. This
difference in conclusion may stem from difference in admission system between France
and United States, or it could be other factors. Lately economists have started using
subjective expectation in this field such as in studying college major choice
(Arcidiacono, Hotz, & Kang, 2012; Wiswall & Zafar, 2015; Zafar, 2013). Nevertheless,
some may criticize the results from these researches because they were conducted in
extremely selective private college: Duke, Northwestern, and New York University
respectively. These facts could be used to argue that students in these universities
already have high level of ability and can expect high returns. In this research, I can
shed further light on this argument. My samples are college graduates from institutions
all over the country. One can expect a wide range of socio-economic background in this
dataset. Results will then have no ability bias.



Though these literatures have progressed satisfactorily, there is a phenomenon
that raise concerns among economists: education-occupation mismatch, which has
become of interest recently. Education-occupation mismatch, hereafter horizontal
mismatch, is a phenomenon where individuals graduated from one college major but
work in another that is unrelated to their field. For example, student graduated from
engineering major but instead work as a librarian. This kind of mismatch can be thought
of specialization mismatch: some skills gained in college are unused. This leads to
lower match quality and lower returns to investment because some invested human
capital is not used. Two questions arise from this phenomenon are 1) why does it occur
and 2) what effect does it has?

Literature of horizontal mismatch so far has focused on the second question:
impacts of being mismatched. (Robst, 2007) used NSCG 1993 in his study and found
that horizontal mismatch has negative effect on wages. Research following (Robst,
2007) also found the same result, for example (Nordin, Persson, & Rooth, 2010) in the
context of Sweden and (Lemieux, 2014) in the context of Canada. (Altonji, Kahn, &
Speer, 2016) also found drop in earnings from being mismatched. Those from a,
seemingly, more specific college-major, such as STEM from (Science, Technology,
Engineering, Mathematics), experience more severe penalty. This is probably due to its
specificity of skills trained, so it is less portable. Those from more general major that
skills are more portable experience less degree of penalty, consistent with (Gathman &
Schonberg, 2010) who found high returns on task-specific skills because of less
portability. (Kinsler & Pavan, 2015) and (Silos & Smith, 2015) focused on course
bundles taken in college and found the same result. However, causes of horizontal
mismatch remain unknown. Under conventional belief that students choose college
major based on target occupation, horizontal mismatch might stem from learning
processes. Learning occurs throughout college period both in term of students’ fit to
major and returns to major. Students receive information and update their expectations
in rational ways. In the first two year, college students learn about of their abilities and
tastes. (Stinebrickner & Stinebrickner, 2012) showed that students’ dropout rate will
reduce by 40% if no learning occurred. Also, students tend to be overoptimistic in their
abilities. (Stinebrickner & Stinebrickner, 2014) indicated that students are mostly
optimistic about taking science major at the time of matriculation. However only
roughly one-third of those graduated with science major. In the last two years, students
are having more accurate information about wages and the most accurate in their last
year of study, found in (Dominitz & Manski, 1996) and (Bettes, 1996). Another
possible cause may be a university admission system. (Bordon & Fu, 2015), who
studied admission system in Chile, showed that under major-university specific
admission system, uncertainty is even more severe as students have no time to learn
about their fit to major before choosing one. Thailand’s admission system also works
this way. (Altonji, 1993), who studied in the context of university-specific system in
USA, also pointed that students are still much uncertain about their choice of college
major and occupation at the time of choosing college major, means that uncertainty is
already high even in less restricted system. Furthermore, cost of switching is very high
because, in general, they would have to dropout and re-admission again. As such,
concluded in (Malamud, 2011), students may choose to stay in the university rather
than dropout even if their fit to major is found low. Thus, students will graduate in one
major but may choose to work in an occupation unrelated to their field of study.



Chapter 3: Conceptual Framework

The concept builds upon classical Roy’s model of occupational choice. In
decision making, life-cycle approach suggests that it is the present value of future
earnings stream that matters, not initial earnings. Individuals then choose occupation to
maximize their lifetime utility. | model individual’s lifetime utility function Uy as:

Uijk = Pojk T P1j Yijk T Xij®ijk 1)

where Yj;y is prediction of lifetime earnings by individual i who graduated from
college major j for an occupation k. X;; is a vector of individual’s characteristics:
gender, GPA, etc. Individual will choose occupation k2 over ki if Uy, > Ujjy,-
However, as this study examines effects on mismatch, that is choosing one occupation
over another, we will not focus on utility itself but instead on comparative utility. When
speaking about occupation mismatch, we always interested in difference between two
occupations, mainly mismatch compared to the match. Utility gains from choosing
occupation kz over ki is:

Uijk, — Uijk, = (Pojk, — Pojk,) T P1jNijk, — Yijk,) T Xjj(@j, — 0j,) (2)

The model implies higher likelihood for occupation k> to be chosen over ki if
difference in lifetime earnings expectations rises: Yjj, increases or Yy, decreases or
both. I will call this difference a lifetime earnings expectation gap. The parameters p;i,
— Pojk, and wj, — wji, can be thought as compensated wage for accepting k2 over ki.
Pojk,— Pojk, 1S compensated wage based on occupation. It is independent of individual’s
characteristics. For example, consider an occupation of clerk compared to factory
worker. Naturally, clerk offers better work environment in terms of safety and
comfortability. Thus, for this pair, we can expect po;cierk — Pojfactory t0 b€ positive.
Wi, — Wjx, IS compensated wage based on individual’s characteristics. Consider
gender in the context of previous example of clerk and factory worker. Given that
women prefer safety more than men, as clerk offers more safety than factory worker,
then ®; clerk — Wj factory Will be positive for women. The same method applies in case
the occupation trait is indifference or discourages some gender.

Though the model first used lifetime earnings expectation gap in specification,
empirical evidence from the literature helps simplify this matter. According to (Beaudry
& DiNardo, 1991), (Baker, Gibbs, & Holmstrom, 1994), (Nordin et al., 2010), and
(Altonji et al., 2016), earnings difference persists across firm-entry cohort and nominal
raises are very stable throughout time regardless of occupation, roughly 10 percent.
Real raises also seem stable at around 6 percent. This means real raise is also the same
across occupations.



The above evidence that raises are equal both across occupations and time
period allows me to assume the functional form of wage growth as:

ASSUMPTION 1: Real raises for all occupations are the same for all time period.
Wt = WO ert

where W, is earnings at time t, W, is earnings at initial time to, and r is real
yearly raise. Thus, real earnings gap between any two occupations becomes:

N rt
Wi e = Wi o = Wi, 0 — Wi 0)e

From this point, we can calculate lifetime earnings gap using simple integration.
Given that T is maximum years of working, lifetime earnings gap between two
occupations is then:

erT

=) @)

Yi,t — Ykt = fOT(sz,t — Wi o) dt = (Wi, 0 — Wi, 0)(

r

As T is constant for any single individual and r is always stable, the last term in
equation (3) is then equivalent to a constant. Equation (3) therefore implies linear
relationship between lifetime earnings gap and initial earnings gap. As this relation is
regardless of individual and college major, we can substitute equation (3) into equation
(2) to yield the new conceptual model as:

Uik, — Uijk,= (Pojk, — Pojk,) T P1j(Wijk, — Wijk,) + Xjj(wjk, — k) (4)

where Wj;y is initial earnings expectation of individual i who graduated from
college major j for an occupation k. This adaptation will not interfere with our later
calculation of elasticity, or responsiveness, to earnings expectation as initial earnings
gap exhibits linear relationship with lifetime earnings gap. However, interpretation of
parameter py; will be effect of expectation of initial earnings instead.



There is another problem regarding decision making estimation: preference.
Including preferences from individuals requires that dataset is specifically designed for
such purpose. To mitigate this problem, | assume that:

ASSUMPTION 2: Unobserved preferences are homogeneous for graduates from the
same college major.

The fact that students self-selected themselves into each major makes this
assumption credible. When students choose any specific major, it means they find that
major, or target occupation, pleasant. Students in the same major thus would share
majority of preferences although there will still exist some idiosyncratic preferences.
With this assumption, individual’s personal preferences can be disregarded.

In Asian societies such as Thailand, even though there are evidence that parents
have significant influence on children’s educational decision, as mentioned in (Chao &
Tseng, 2002), | believe this assumption remains valid for majority of students due to
two reasons. First, parents are likely mandating whether to attain education rather than
field of study, especially if it is the field unfamiliar by parents. Preference influenced
by parents is considered self-preference, not mandated, and still qualify the assumption.
Second, postsecondary education requires lots of effort. If students do not have aptitude
for the chosen major, they are unlikely to survive through the degree. (Stinebrickner &
Stinebrickner, 2012) shows that students are likely to drop out if they learn they cannot
perform well in college. This should remain true regardless of societies.



Chapter 4: Data and Analysis

4.1 Data

Primary data source for this study comes from resumes obtained directly from
a single online job market. They are available for viewing on the website for free and
no registration is required. | retrieved resumes of all applicants since November 2006
until the end of October 2016, exactly 10 years or 120 months. For information related
to job, each resume contains three occupation categories and positions applicant wishes
to work. The categories are provided by the website but positions are typed by applicant
himself. However, | will use only the first choice stated in order to preserve data
consistency as applicants prior to 2014 can only state one position. It is also
psychologically reasonable that the first choice is the most preferred position. Other
information includes intended province, type of work (full-time, part-time, freelance,
or internship), earnings expected, time to start working, availability to work abroad,
and years of work experience. On personal information, it consists of age, gender,
education profiles for all degree and level of study. Each profile has year of graduation,
institution, degree, major, and GPA received.

In this study, I limit my analysis only to new college graduates, that is having
no full-time work experience, and applied for full-time work only. There are two
reasons for this. First, if applicants already have some work experience, | cannot rule
out the possibility of learning during the previous position. Mismatch may occur
because college graduates already worked in the match occupation and learned that they
are unfit, and therefore they switch. Such reason is hard to observe and, in fact, cannot
be observed from this dataset. Using only new graduates helps excluding such
unobservable. Second, payment structure for part-time, freelance, and internship
positions are much different from full-times. Majority of applicants are also applying
for full-time positions. | therefore study only those applied to full-time position to
represent norm in occupation behavior. The main dataset consists of 40,038 resumes
with 39 majors and 38 occupations. See cleaning details in Appendix A.

Table 1 presents summary statistics for this dataset. Mean age of graduation is
22.5 years old, close to actual age when creating resume, which makes the dataset
credible that samples really are new graduates. In overall, roughly two-third are female.
MISMATCH is defined as dichotomous variable equals to unity if individual’s
graduated major and his occupation choice does not match. Looking by gender, female
clearly have higher mismatch rate than male by about one-third of male. Interestingly,
however, women performed better in college as their average GPA is higher.
Willingness to work abroad is indifferent. There are 5,186 resumes elicited earnings
expectation as 0, account for 13 percent of total observations. | interpret as them
“negotiable” and will compute them using a model presented later.



Table 1. Summary Statistics

1) (2) 3)
VARIABLES All Male Female
Mismatch 0.40 0.32 0.44
(0.49) (0.47) (0.50)
Female 0.64 - -
(0.48) ©) )
Abroad 0.12 0.12 0.12
(0.33) (0.33) (0.33)
GPA 2.75 2.65 2.80
(0.42) (0.40) (0.42)
Age 23.82 24.14 23.64
(2.46) (2.64) (2.34)
Graduation Age 22.45 22.65 22.34
(1.03) (1.09) (0.98)
Observations 40,038 14,299 25,739

Notes: Column displays summary statistics for each type of subsample by gender: all samples,
male samples only, and female samples only respectively. Mismatch, Female, and Abroad are
dichotomous variables. Mismatch equals 1 if individual’s graduated major and his/her
occupation choice does not match i.e. Finance major applies for Marketing job. Female equals
1 if individual is female. Abroad equals 1 if individual is willing to work abroad. Standard
errors in parentheses.

Figure 1: Fraction of Female in Online Job Market by Year
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4.2 Descriptive analysis

I will begin analysis by examining representativeness of the observations in this
online job market. The first is to look at composition of gender in this market. Figure
1 shows how fraction of female in this online job market changes over time. | exclude
the year 2006 as there are only two months to observe: November and December. This
will also apply to further analysis regarding structure of the online job market. The
fraction modestly increases from 60 percent in 2007 to 65 percent in 2016 which means
composition of gender in this the market is quite stable, so we can be sure that there is
no exogenous factor affecting gender composition. Next is to investigate geographical
background. Though this market does not show where each applicant comes from, it is
still reliable that there should be no geographical bias. According to statistics from the
Information and Communication Technology Survey in Household in 2016, conducted
by National Statistical Office of Thailand, individuals age between 15 to 24 years
having access to the Internet increases from 55 percent in 2012 to 86 percent in 2016
and is trending upward. This range of age is the group I focus on. So, we can be sure
that access to the Internet shall not pose geographical bias. Applicant’s location
background is then credibly random. The last is to inspect types of occupation openings
which is where problem starts to occur. The market comprises of only private sector
jobs. This clearly raises problem of selection bias. Occupational choice behavior of
applicants graduated from public-sector-oriented majors may then be biased which we
will see soon. Another one, but with less concern, is class of jobs. According to the
latest International Standard Classification of Occupations (ISCO-08), the group of
Managers, Elementary Occupations, and Armed Forces Occupations are not
represented. But as | focus on new college graduates, Managers will not be of concern
due to experience restriction. College graduates will also be overeducated for
Elementary Occupations such as laborer, cleaner, street workers, etc. At this point, the
main problem would be selection bias of graduates from public-sector-oriented majors.

Before moving on to occupational choice behavior analysis, there is some event
occurred worth mention. In late 2011, Thai Government has enacted the new minimum
wage law to be in effect by early 2012. It mandates minimum daily wage of 300 Baht
and minimum salary for college graduates of 15,000 Baht. Effect of the law is
heterogeneous because each occupation is affected by the law differently. For example,
occupations having standard earnings lower than 15,000 Baht are of course affected.
Such occupations include general office works and most of business-related jobs.
Occupations with standard earnings over 15,000 Baht, though unlikely to be affected,
are also affected through spill-over effect. Such occupations are science and
technology-related fields and other jobs requiring occupation specific skills. There are
two complications in this law should be mentioned. First, not all provinces in the nation
applied the law immediately. Seven provinces in Bangkok Metropolitan are designated
as pilot area in April 2012. The rest 70 provinces applied the law in January 2013. To
reduce complication for resumes in 2012, those applying for positions in Bangkok
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Metropolitan are considered law-in-effect all year round and the rest remain unaffected.

Table 2 shows time-line of how effect the law is considered in-effect in this
new definition. Second, though minimum daily wage of 300 Baht is applied across the
nation, minimum salary of 15,000 Baht for college graduates is applied only to
government sector but only encouraged for private one. Some firms apply this law
accordingly while others do not. As a result, college graduates cannot entirely expect
to have a minimum salary of 15,000 Baht in private sector, which is the kind of job in
this research setting. This is actually an advantage because earnings expectations will
not be truncated at 15,000 Baht. The law only set new average standard for each
occupation so earnings expectations can still vary normally.

Table 2: Timeline of the New Minimum Wage Law

New Minimum Wage Law

YEAR 1) (2)
Bangkok Other
Metropolitan provinces
2011 or earlier NO NO
2012 YES NO
2013 or after YES YES

Notes: YES means the law is in effect in the respective time period and NO
otherwise. Column reports effect separately by geographic area of Thailand.

I will start choice behavior analysis by illustrating difference in characteristic
variables between period before and after the law. Table 3 provides summary statistics
for resumes separately be gender and time period before and after the minimum wage
law is in effect. Column 1 and 4 illustrates summary for overall samples. Two types of
age and GPA remain the same for both periods. Overall mismatch rate rises from 36 to
42 percent. Mean earnings expectation increased about 3,000 Baht, over 25 percent, to
the amount close to the mandated value of 15,000 Baht. Also rises sharply is willingness
to work abroad, from a single person to a quintile. Column 2 and 5 shows data for male
and column 3 and 6 shows for female. Women clearly have high probability to choose
mismatch occupation than men, both before and after the law. Mismatch rate for men
and women prior to the law is 30 and 41 percent respectively. Both rates increased
equally by 5 percent after the law. This suggests women are more likely to be
mismatched than men by default. Another interesting variable is earnings expectation.
Female always expect less earnings than male, about 900 Baht, even though their
academic performance is slightly higher. These apply both before and after the law.
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From the table, we will see that there are two potential factors that may
contribute to rise in mismatch rate: earnings expectation and willingness to work
abroad. We will therefore analyze them in more detail. Figure 2, Figure 3, and Figure
4 shows, for male and female, how mismatch rate, earnings expectation, and
willingness to work abroad changes overtime respectively. Mismatch rate increased
significantly between 2011 and 2013 which is the period when earnings expectation
clearly rose due to the new minimum wage law. Fraction of applicants willing to work
abroad remained close to zero during this period but then rose sharply between 2014
and 2015. In this period, earnings expectation is raised somehow and also mismatch
rate. From these figures, we start to see that rise in earnings expectation is the factor
contributing to rise in mismatch rate. Willingness to work abroad is likely affect
mismatch rate through raising earnings expectation. This is plausible as applicant who
is willing to work abroad must be proficient in foreign language which could add value
to him/herself. Interestingly, however, while mean earnings expectation is increased
over 25 percent, mismatch rate rise is smaller at only 5 percentage point. | suspect that
the rise in mismatch rate through earnings expectation is resulted from those who are
already in college at the time of the law. When students realized that another occupation
now have higher returns than previously expected, they may switch major if they find
it beneficial. But under major-university specific system in Thailand where college
students experience very high cost for switching, they may instead remain in their major
but pursue occupation they realized having higher returns, as pointed out in (Malamud,
2011).

Figure 2: Overall Mismatch Rate by Year
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Figure 3: Overall Earnings Expectation by Year
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Figure 4: Overall Rate of Willingness to Work Abroad by Year
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Next, we will examine mismatch behavior of graduates from each college major
and, again, separately by gender and time period of the minimum wage law. Table 4
presents fraction of mismatch for each major broadly. For overall mismatch rate,
Business, Science, ICT, and Engineering have quite low mismatch rate, generally 35
percent or less. In contrast, Education, Arts & Humanities, and Social Sciences have
very high mismatch with all of them about 60 percent or more. The rest of majors
including Agriculture, Health & Welfare, and Services have mismatch rate between 40
to 50 percent. At this point, we should start to recognize that specificity of skills might
play role in determining mismatch rate as we know that science-related majors train
primarily occupation specific skills while Arts & Humanities and Social Sciences focus
more on general skills. For changes after the law, unlike overall mismatch rate in Table
3, itis not that all majors have its mismatch rate increased. Size and direction of changes
are also heterogeneous. Nevertheless, except for ICT, changes in mismatch rate for
male and female are still in the same direction.

To investigate further, Table 5 illustrates each major in more detail level. For
business-related majors, Accounting and Finance have far lower mismatch rate,
probably because both are mathematics intensive. (Paglin & Rufolo, 1990) and (Kinsler
& Pavan, 2015) found mathematical ability attributes largely to returns to education,
which is a trait of specific skill. Thus, both majors and can be considered specific skill
majors. The same inspection applies to Health Science which has as low mismatch rate
as Science group. In contrary, Welfare are found being completely mismatched which
is what contributes to high mismatch rate for Health & Welfare group. Likewise, for
Services group, number of applicants from each major rise sharply while mismatch rate
is either stable or decline. Community Sanitation, which is part to Public Health, and
Occupational Health majors have their rate drastically decreased. Therefore, mismatch
rate for Services group drops sharply. The previous inspection is further confirmed now
that we see majors emphasizing occupation specific skills having lower mismatch rate
while majors training general skills have higher rate, that is specificity of skills trained
is negatively correlated with major-occupation mismatch rate. Mismatch rate between
male and female are also close for male and female graduates from each major. Looking
at composition of gender in each major, most majors have female more than male,
except for Software Development and engineering-related majors that number of male
is significantly higher than female. Compared between before and after the law, number
of male and female in each major rise with the dominating gender remains dominate in
number. This information tells us that most majors are dominated by women while
Software Development and engineering-related majors are dominated by men. The
domination also remains unchanged over time implying no significant change in
structure of each major.
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We should now go back to the selection bias mentioned earlier. From the table,
graduates from Education, Humanities, Political Science, Psychology, Library Science,
and Welfare are consistently having very high mismatch rate. Consider carefully, we
can see all these are majors intended for public sector, not private. As the market has
no public-sector jobs, graduates from these majors presenting in this market are likely
having selection bias, participate with intention to choose mismatch occupation, just as
analyzed before. | will thus exclude these majors from estimation and later analyses.
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Chapter 5: Empirical Method

5.1 Econometric model

| adopt conditional logit model in this study as it does not change parameters
interpretation. Using McFadden’s logit transformation, the model in equation (4) turns
into:

Pjj
ln( ]kz) = (Pojk, ~ Pojky) T P1j(Wijk, — Wijie,) + Xjj(0, — 05x,) ()

Pijky

where By is probability that individual i who graduated from college major |
will opt for occupation k. However, this model requires normalization in order to
estimate its parameters. One alternative ko must be used as a comparison reference, that
is parameters pg;, and wj,, are considered zero. As | am interested in comparison
between mismatch alternatives and the match one, | choose the match as a reference.
The model is simplified into:

P,
ln< ]k> = Bojk + B1j(Wijk — Wijjk,) + XjOji (6)

Pijko

where k # ko. ko indicates the match occupation which depends on graduated
major j. See Table A2 in Appendix A for the defined match occupation for each
college major. Wy and Wy, is initial earnings expectation for mismatch occupation k
and the match occupation ko respectively. X;; consists of characteristic variables that

relate to mismatch decision, in this context GPA and gender. All parameters are utility
gain from choosing mismatch occupation over the match one given respective variable.

In the dataset, however, the maximum of one Wj;, is observed for all k. To
overcome this problem, | estimate the missing values using earnings expectations
reported by other individuals from the same major who apply to that missing
occupation. Following Assumption 2, graduates from the same college major will also
form earnings expectation for a particular occupation in the same way. Thus, this
method would yield consistent estimation. Missing expectations are then estimated
using Mincer-type earnings equation, specified as:

ln(Wi]-k) = Ok + (XlkMWL + Zijklk + Ei]'k (7)
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where MWL is binary variable equals to unity if the new minimum wage law
is in effect at the time of creating resume. Zy;, is vector of characteristic variables for
both the individual and the job and e is error term. As we focus on new college

graduates, there is no experience variable in the model. MWL is used to capture an
exogenous effect of the enacted minimum wage law on college graduate’s expectations
as it would lead to expectation revision, the same way as the experiment conducted in
Wiswall and Zafar (2015) where external information is provided to students and they
revised their expectations accordingly. Z, is practically X;; with characteristic
variables of the applied position, such as year of application, intended province of
work, availability to work abroad, etc. These are variables likely to have effect on
earnings expectation but not on mismatch decision.

5.2 Identification strategy

The process consists of two steps. Firstly, unobserved earnings expectation is
estimated for all pair of k and ko, using model in equation (7). To preserve normality,
only pairs with 30 or more observations are considered. The model is estimated
separately for each occupation choice because effect of the law depends on job. Also,
in this scenario, control variables implicitly interact with the occupation. However, |
do not estimate the model separately for male and female, even though many have
suggested there exists difference between men and women in expectations, as it seems
not an issue in this case. Table 6 presents regression results from the model controlling
for all variables and interactions. Column 1 are results using all sample. Column 2 and
3 regressed only for male and female respectively. We can see results for male and
female are almost indifferent. There are two interesting results worth mention. First,
negative effect caused by being female is approximately equal to difference in
parameter of GPA between women and men. This likely tells us that gender difference
only reflects different weight put on GPA when forming earnings expectations. As
such, instead of regress separately for each gender, estimation using gender as control
variable seems valid in this case. This is contrary to actual earnings found between
gender. Second, mismatch has no effect on earnings expectation for both male and
female, which means graduates do not expect to earn less in the chosen occupation
compared to those graduated from the match major. Again, this contradicts to actual
earnings found in previous works on major-occupation mismatch. These implies
graduates think that all individuals are equivalent regardless of major and gender.
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Table 6: OLS Regression for Earnings Expectations

(1) (2) ©)

VARIABLES All Male Female
Year 2.46%** 2.25%** 2.62%**

(0.0829) (0.141) (0.103)
Mismatch 5.65 4.89 -35.3

(16.2) (16.6) (33.7)

Female -1.39%**

(0.211)
Abroad 4.12%** 4.18*** 4,09%**

(0.270) (0.467) (0.333)
GPA 4.42%** 5.38*** 3.93***

(0.223) (0.400) (0.270)
Observations 34,852 11,935 22,917
R-squared 0.538 0.550 0.545
Major-Job interaction YES YES YES
Major-Law interaction YES YES YES

Notes: Column displays regression results for each type of subsample by gender: all samples,
male samples only, and female samples only respectively. Results are presented in percentage.
Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1

Secondly, the obtained estimates are used to regress occupational choice
model. Similar to the first step, | estimate the model separately for each college major.
The first reason is to avoid selection problem as graduates from different major may
have different taste on jobs. For example, graduates from Mathematics major may not
fond of memorization tasks so they would avoid Law and Biology jobs. The second
reason is the match occupation for each major differs. Estimation by college major
makes the process more convenient. Unusually though, there are only two control
variables here: GPA and gender. There are findings that students underperformed in
their own major will either shift or dropout. See e.g. (Stinebrickner & Stinebrickner,
2012), (Stinebrickner & Stinebrickner, 2014), and (Avery, Gurantz, Hurwitz, & Smith,
2017). There are also large number of evidence documented regarding gender role and
gender preferences in occupations. See e.g. (Hunt, 2016) and (Lordan & Pischke,
2016). Other observed variables are unlikely to affect decision to choose mismatch
occupation so they are not included. Age is automatically excluded because of studying
scope that focuses on new college graduates, thus their age has too small range.
Nevertheless, due to availability of data, | cannot rule out the possibility of omitted
variable problem which could lead to overestimation of parameters, but the model will
still yield consistent estimates.

! The bottom 1 percent of accepted gaps in each major are excluded to prevent negative outliers, that is
those choose the job even if it gives extremely lower earnings.
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Chapter 6: Results

Out of original 39 majors in the dataset, 23 majors are excluded from the
estimation so there are only 16 majors reported. From the descriptive analysis section,
6 majors are excluded because of likeliness of market selection bias. Another 17 majors,
from their predicted mismatch probability, | cannot reject that their mismatch rate is
significantly different from zero. Therefore, we should make another summary statistics
to see if the exclusion changes characteristics of overall samples significantly.

Table 7. Summary Statistics of Estimable Samples

1) (2) 3
VARIABLES All Male Female
Mismatch 0.42 0.37 0.45
(0.49) (0.48) (0.50)
Female 0.69 - -
(0.46) ©) 0)
Abroad 0.12 0.12 0.12
(0.32) (0.32) (0.32)
GPA 2.75 2.66 2.79
(0.42) (0.41) (0.42)
Age 23.80 24.08 23.67
(2.50) (2.64) (2.42)
Graduation Age 22.41 22.57 22.33
(1.01) (1.07) (0.98)
Observations 26,291 8,059 18,232

Notes: The table presents results in the same way as Table 1

Table 7 presents summary statistics of this estimable samples. Even though
some portion of samples is excluded, overall results are still almost identical to that of
overall samples shown in Table 1. Portion of mismatch and female increases slight by
2 percent and 5 percent respectively. Rate of willingness to work abroad, GPA, age,
and age at graduation remain unchanged. These results tell us that natural characteristics
of overall sample is still the same and that the exclusion will not alter our main findings.
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Table 8 presents regression results of the conditional logit model for each
major, ranking by size of effect from largest to smallest and separately by (perceived)
specificity of skills trains. The table shows that earnings expectation has positive and
significant effect on probability for occupation choice to be chosen. This applies to
graduates from every college major. The results imply that when earnings expectation
of the choice rises, whether match or mismatch, individual will be more likely to choose
the choice. This is straightforwardly intuitive because higher earnings mean higher
utility to gain compared to other choices. Size of effect between majors training general
skills and specific skills are quite distinct with specific skill majors has larger size of
effect. This means changes in earnings expectation has larger impact on choice
probability for graduates from specific skill majors than from general skill majors.

Table 8: Parameter Estimates of Earnings Expectation

Panel A: General Skills Panel B: Specific Skills
. Earnings . Earnings
Majors Expectation Majors Expectation
Agriculture 0.192*** Manufacturing 0.231***
(0.029) (0.063)
Computer Use 0.175%** Finance & Banking 0.207***
(0.016) (0.055)
Management 0.156*** /Accounting 0.178***
(0.015) (0.032)
Transportation 0.148*** Health Sciences 0.170***
and Logistics (0.045) (0.045)
Marketing 0.122%** Software Development 0.164***
(0.020) (0.023)
Languages 0.105*** Mathematics and 0.164***
(0.015) Statistics (0.079)
Hotel, Travel, 0.085***
and Tourism (0.025)
Economics 0.076*
(0.041)
Arts 0.073***
(0.016)
Journalism 0.055*
(0.032)

Notes: Standard errors in parentheses. Unit of earning expectation is thousand Baht.
*** p<0.01, ** p<0.05, * p<0.1
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To give further picture on scale of effect, and also to prevent problem of
variable’s measurement unit, | will next present results in term of elasticity of mismatch
probability to changes in earnings expectation. | will focus on effect from changes in
Wijk, for a couple reasons. First, students are more well informed about information
related to their field of study, as mentioned in (Dominitz & Manski, 1996) and (Bettes,
1996). In this case, they are more likely to recognize changes in their match occupation.
Second, effect from changes in other Wy are smaller than from Wj;, . Consider a case
when Wy, rises while all other Wy remain stable as an example. Py, definitely will
increase while other Py, including Py, , must decrease. However, as all probability
must add up to one, each will then decline at smaller degree than the increase in Py .
That is, change in probability to choose match occupation Py, will be smaller, hence
also mismatch probability 1—Pyy, .

From equation C.I in Appendix C, elasticity of probability to choose mismatch
occupation 1—Py;,, when earnings expectation of the match choice Wy, changes is
—B1jPijk, Wijk,- Table 9 reports elasticities of mismatch probability when earnings

expectation of the match occupation varies. All elasticities are negative in value,
implying that mismatch probability will decline when earnings expectation of the match
occupation rises. Not surprisingly, increase in earnings expectation of the match choice
means the choice gives higher returns compared to mismatch choices. As such,
individual will be more likely to choose the match choice and hence lowering mismatch
probability. Size of elasticities are mostly one or higher which means college graduates
are quite elastic to earnings expectation. Compared between type of major, range of the
elasticity is clearly distinct. Elasticity for graduates from majors training specific skills
are larger in size, roughly 2 or higher, than that of graduates from majors training
general skills. Ranking of size is also similar to ranking in parameter estimate in Table
8. This could possibly mean size of the elasticity may positively correlated specificity
of skills trained in major.
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Table 9: Elasticities of Mismatch Probability to Changes in
Earnings Expectation of the Match Occupation

Panel A: General Skills Panel B: Specific Skills
. Earnings . Earnings
Majors Expectation Majors Expectation
Agriculture -1.58 Manufacturing -2.46
(0.49) (0.79)
Computer Use -1.32 Finance & Banking -2.33
(0.61) (0.56)
Management -0.90 Accounting -1.93
(0.35) (0.53)
Transportation -1.39 Health Sciences -2.37
and Logistics (0.40) (0.61)
Marketing -0.97 Software Development -2.05
(0.34) (0.55)
Languages -0.62 Mathematics and -1.92
(0.26) Statistics (0.47)
Hotel, Travel, -0.43
and Tourism (0.14)
Economics -0.43
(0.14)
Arts -0.55
(0.14)
Journalism -0.43
(0.12)

Notes: Standard errors in parentheses.

Though the above results seem fascinating at first, we must interpret them with
care. If we look back at the elasticity equation —[;P;ji, Wik, We will see that elasticity
depends on current match probability Py , the counterpart of mismatch probability.
The smaller mismatch probability, the larger elasticity will be. Therefore, we should
also analyze behavior of mismatch probability before making such conclusion. Table
10 illustrates predicted mismatch probability of graduates from each major. As
expected, mismatch probability is clearly lower for graduates from specific skill majors,
implying higher match probability than graduates from general skill majors. At this
point, we see that both parameter estimates and match probability for specific skill
majors are larger than general skill majors which explains why elasticity for the former
is clearly larger than the latter. Therefore, we should not yet make the conclusion on
responsiveness of graduates from each type of major.
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Table 10: Predicted Mismatch Probability

Panel A: General Skills Panel B: Specific Skills
. Earnings . Earnings
Majors Expectation Majors Expectation
Agriculture 36.4%** Manufacturing 22.9**
(12.1) (10.1)
Computer Use 43.1** Finance & Banking 14.5**
(19.2) (6.6)
Management 53.6*** /Accounting 13.7*%*
(12.9) (6.1)
Transportation 36.9%** Health Sciences 12.4*
and Logistics (13.2) (7.1)
Marketing 39.4*** Software Development 13.3*
(12.4) (8.0)
Languages 58.0*** Mathematics and 19.0%**
9.7) Statistics (6.6)
Hotel, Travel, 60.5%**
and Tourism (7.3)
Economics 57.5x**
(8.4)
Arts 48.4*%**
(7.2)
Journalism 40.4%**
(7.6)

Note: Probabilities are presented in percentage. Standard errors in parentheses.
*** pn<0.01, ** p<0.05, * p<0.1

To actually see how responsive graduates are to changes in earnings
expectation, we should also look at how mismatch probability changes when earnings
expectation of the match choice changes by percentage instead. The way to do so is by
multiplying their elasticity with their current mismatch probability. From equation C.II
in Appendix C, probability change in percentage point when earnings expectation of
the match occupation increases by 1 percent is —p4;PBjx, (1 — Piji,)Wijk,- Table 11
reports mismatch probability change when earnings expectation for the match
occupation increases by 1 percent for each major. Results are presented in percentage
point. In general, increases the earnings expectation by 10 percent can reduce mismatch
rate by 2.5 to 5 percentage point. Ranking in size of probability change is almost
identical to parameter estimates in Table 8 for both types of major. When examine
separately between type of major, percentage point change of mismatch probability for
general skill majors spans wider. Specific skill majors have size of change concentrates
between 2.5 and 3.5 for 10 percent increase in the earnings expectation. At this point,
we can conclude that graduates from majors training general skills are generally more
responsive to changes in earnings expectation than those from majors training
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occupation specific skills. Raising earnings expectation by 10 percent would reduce
likelihood of mismatch by at least 2.5 percentage point and may be more depends on
the major applicants graduated from.

Table 11: Mismatch Probability Changes to Percent Change in
Earnings Expectation of the Match Occupation

Panel A: General Skills Panel B: Specific Skills
. Earnings . Earnings
Majors Expectation Majors Expectation
Agriculture -0.53 Manufacturing -0.51
(0.12) (0.15)
Computer Use -0.47 Finance & Banking -0.31
(0.13) (0.12)
Management -0.44 Accounting -0.24
(0.10) (0.08)
Transportation -0.46 Health Sciences -0.26
and Logistics (0.09) (0.09)
Marketing -0.35 Software Development -0.24
(0.08) (0.12)
Languages -0.34 Mathematics and -0.34
(0.08) Statistics (0.09)
Hotel, Travel, -0.25
and Tourism (0.06)
Economics -0.24
(0.05)
Arts -0.26
(0.04)
Journalism -0.17
(0.03)

Notes: Probability changes are presented in percentage point. Standard errors in parentheses.

If we analyze characteristics of each major further, even though subjectively,
we would reach additional conclusion regarding size of responsiveness. Looking at
each panel in Table 11 majors with low responsiveness are likely to represent very
strong trait of the group. Arts, Journalism, and Hotel majors are very general in nature.
Languages, Transportation, and Computer Use seems to have more specific skills
trained in major. On the other hand, Accounting, Software Development, and Health
Sciences are very specific in occupation while skills trained in Finance, Mathematics,
and Manufacturing majors seems more portable. Given these, we may add that
responsiveness to changes in earnings expectation will be larger for graduates from
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majors that train appropriate portion of general and specific skills. The major must
neither be too general nor too specific in skills trained.

In term of policy implication, these results suggest that raising earnings of an
occupation can be an effective solution to reduce major-occupation mismatch for
majors which train specific skills at an appropriate level. As shown in Table 10,
graduates from these majors are having moderate mismatch probability. Intervention
on earnings can reduce these intentions significantly. For majors training very specific
skills, such as science/engineering-related fields, their graduates will already have small
intention to mismatch so it is not very much of concern. Shifting is likely caused by
something else unrelated to personal profile, such as actual job pay being much lower
than expected. For majors training very general skills, their mismatch rate would be too
large while their responsiveness to changes in earnings is small. The amount of earnings
increase required may be too much to intervene.
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Chapter 7: Conclusion

In this article, | have demonstrated that earnings expectation consistently affect
decision for major-occupation mismatch among recent graduates. Rise in earnings
expectation of the occupation choice increases the chance it will be chosen. Also,
specificity of skills trained in the major plays role in determining whether the size of
effect will be large or small. From the estimation result, sizes of effect are quite distinct
between general and specific skills majors with earnings expectation has smaller impact
on the former. When further consider percentage point of probability change, the
distinction becomes blurred. Rise in earnings expectation of the match occupation by
10 percent will reduce mismatch probability by at least 2.5 percentage point and could
be larger depends on major. Graduates from majors training specific skills at a moderate
portion are those most affected by changes in earnings expectation. Raising their
respective match occupation earnings by 10 percent can reduce mismatch rate up to 5
percentage point, double of the minimum. Graduates from majors training very general
and very specific skills have the smallest level of responsiveness to changes in earnings
expectation. Both groups have comparable size of responsiveness, with the latter
slightly more than the former. Additional analysis shows that academic performance
consistently has negative impact on mismatch decision.

For policy maker interested in reducing major-occupation mismatch, results
imply that increase earnings in an occupation of interest is effective if the occupation
requires appropriate level of specific skills. Mismatch intention among graduates from
very specific majors is already small so there is no need to worry. For graduates from
very general majors, there is little to none that the policy maker can do. Actual
mismatch rates in job market may be higher if actual earnings offers are lower than
graduates’ expectation.

7.1 Discussion and Suggestion

The research has four caveats need to be addressed. The first is a problem of
omitted variable. Due to availability of data, | cannot rule out the possibility of omitted
variable problem which could lead to overestimation of parameters. As seen in the
model, there are only two control variables: GPA and gender, which is quite low in
number, so the problem is likely.

Second, specificity of skills used in this research are all “perceived” as | cannot
find any numerical measure of specificity of skills trained in major. These specificities
are based on normative intuition. In the future, if the measure become available and
further evidence is found, this conclusion may be disputable. For now, these specificity
perceptions will remain useful for the conclusion.
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The third is that | cannot observe true behavior of graduates from majors
intended for public sector. Due to market bias discussed in analysis section, their
behavior observed here is distorted and | excluded them from the analyses. These
majors are primarily member of general skill major. Therefore, | need to leave some
room in the conclusion in case that, if found, these majors have some unexpected
characteristics.

The last point is regarding mismatch rates. Predicted mismatch rates presented
are “intention”, not “actual” mismatch occurred in the market. Real mismatch in the
market will be equal to the result presented here if earnings offers are equal to
graduate’s expectation. If the actual mismatch rate is higher or lower, then it could mean
the actual pay structure is lower or higher respectively. Nevertheless, this fact of
mismatch rates will not interfere with mismatch behavior. Graduate’s responsiveness
to changes in earnings expectation analyzed will remain the same regardless. Actual
mismatch rates are only results from these behaviors given actual earnings offers in the
market.

These limitations suggest at least three venues for further research that could
improve results in this thesis.

1) Find other potential variables that may have effect on major-occupation mismatch
decision. With only two control variables in this research, results may be overestimated.
Finding additional variables could help ensure that the problem would be less severe.

2) Find numerical measure of specificity of skills trained in each major and include it
in the model and analyses. Specificity of skills trained analyzed in this thesis are only
intuitively perceived. In the future, if numerical measure of the specificity is found, it
should give us more

3) Find other market that contains jobs from every sector so we can observe behavior
of graduates from majors aiming for public sector.
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Appendix A: Data cleaning

The original dataset consists of 306,884 resumes. However, due to organization
of data of the website, intensive cleaning is needed. The first step is data completeness.
| start by dropping occupation groups that are uninterpretable or ambiguous: Executive
Officer, Part-Time, Other Technicians, Others and those unspecified. 2,763
observations were dropped in the process. Also, I limit samples to students graduating
at the age between 21-25 to prevent the case that student took on some occupation
before finishing their college study. This range comes from the fact that, in Thailand,
children can start their elementary school at the age of 3. Years of schooling is 3 for
elementary school, 6 for primary school, 6 for middle and high school, and 4 to 6 for
college with most major being 4 years. If college graduates have no full-time work
experience, they will then graduate at the age of 22 to 24. | allow for 1 year range
extension, give me a range of 21 to 25 years old at graduation with expected age of 22-
23.2 The reason for this limitation is higher education in Thailand is heavily supported
by the government, makes it very accessible. Financial constraints are also less likely
because students can enroll in compulsory schooling for free and in college at no more
than 36,000 Baht yearly. Even if financial constraints exist, there is Student Loan Fund
which is the government agency to provide loan with interest rate as low as 1 percent.
From all these, most students can then obtain college degree before start working.
Under this scope, another 5,815 observations were excluded. | then use ISCED-2013
as college major categorization standard. After dropping observations with incomplete
qualitative data such as college major, institution, and intended province of work, the
first dataset consists of 42,363 resumes with 52 majors and 69 occupation categories.

The next step is data reliability. | first truncate extreme data to prevent
estimation from going crazy. | exclude those declared log earnings expectation further
than 1 percent level of the distribution, dropping 348 observations in the process.
Secondly, I merge some majors that can be grouped up to increase number of
observation in the group. In major categorization, | initially follow ISCED-2013
“Detail” standard. However, | observed later that some majors have too small number
of observation. To mitigate this problem, I merge them into a larger group, either
“Narrow” or “Broad” level, where it is possible. Majors that can be merged are those
in the same larger group and have the same matching occupation category. For example,
“Mathematics” and “Statistics” majors are in the same Narrow group: “Mathematics
and Statistics”. They have the same matching category:
“Economics/Mathematics/Statistics”. Therefore, these two majors can be merged into
Narrow level of “Mathematics and Statistics”. See tables in Appendix B for list of
major before and after being merged. Majors with lower than 30 observations and
cannot be merged into a larger group will be dropped. Third, I exclude occupation

2 There are only small number of degree that requires 5 or 6 years of study. Five-year majors are
generally Education and Architecture. Six-year majors are Medicine, Dentistry, and Pharmaceutical
Science.
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categories with less than 120 applicants and is not any major’s matching group.
Intuition behind this rule is that dataset consists of resumes from the past 120 months.
Occupations with average of less than one applicant per month are likely not well-
known occupation. But if it is some major’s matching group, | have to keep it for using
as a reference category. At this point, the number of resumes becomes 40,396 with 40
majors and 40 occupations.

Nevertheless, in the estimation step, one major: Music & Performing Arts will
automatically disappear, count for 139 observations. Then, the job
Performer/Singer/Musician/MC will no longer have its match major, along with the fact
that it is already under 120 applicants, so it is dropped, 60 observations. Another job
eliminated is Beauty Health/Spa/Fitness: 159 observations with no match major. To
simplify tasks in estimation, | drop all of them here so that the Arts major can now be
grouped up and merging process repeat. Therefore, the cleaned dataset consists of
40,038 resumes with 39 majors and 38 occupations.
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Appendix B: Major-Occupation matching

In categorizing college major, I follow International Standard Classification of
Education 2013 (ISCED-2013).

It classifies majors in 3 levels: Broad, Narrow, and Detail. Broad category, as
its names, is the most widely used in previous works. There are 10 Broad majors:
Education, Arts & Humanities, Social Sciences and Journalism & Information,
Business and Law, Natural Sciences and Mathematics & Statistics, ICT, Engineering
& Manufacturing & Construction, Agriculture and Veterinary, Health and Welfare, and
Services. Narrow and Detail categorization are in more details with Detail is the
smallest one such as Accounting, Finance, Management, and Marketing. | then classify
each observed major into each Detail class in ISCED-2013. Since there are so many
unusually name, such as Sustainable Cultural Tourism or Applied Financial
Mathematics, they will not be listed here. But in general, majors are classified following
its last word. For example, Applied Financial Mathematics is classified as Mathematics.

There are several modifications should be noted here. First, | add one category
into Engineering group: Industrial Engineering. The reason is there are so many
similarly technology-related majors in Thailand, but they are completely different in
occupation aspects. One of the most widely-seen is Industrial Engineering and
Industrial/Manufacturing Technology. The former is classified as Engineering and able
to obtain Certificate of Engineer from Engineering Council of Thailand while the latter
cannot. Working as engineer in Thailand always requires Certificate of Engineer. But
in ISCED-2013, both are grouped up in Manufacturing and Processing. Therefore, |
need to separate them into a different group.

Second, | merge Hotel & Restaurants & Catering with Travel & Tourism &
Leisure. From observed data, majors defined as Hotel always include Tourism in its
name. Hotel & Tourism is the most widely seen. In addition, occupation category
provided in the online job market also group these jobs up. Therefore, in this context,
they can be merged without any problem, reduce complexity in categorization.

Third, 1| define match occupation for Management major as
Administrator/Procurement/Coordinator/Typist. The nature of management jobs, such
as supervisor and manager, always require experience before applicant can apply.
Consistent with data observed, over 40 percent of graduates from Management major
apply to this occupation group instead of General Management occupation group. Also,
when looking at jobs categorized as Management group, less than 10 percent that do
not require experience. As this study focuses on new college graduates, that is no
experience, it is natural that General Management occupation group will not be applied
to, less than 3 percent observed. However, | still do not count that those applied to
General Management jobs being mismatched. Rather, for graduates from Management
major, | re-specify their intended occupation of General Management into
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Administrator/Procurement/Coordinator/Typist instead. This way, they will remain
counted as being matched.

Fourth, some majors have more than one match occupation group. Marketing &
Advertising and Languages majors have 2 match occupation group. Fashion & Interior
& Industrial Design major has 3 match occupation group. To reduce complication, |
treat graduates in each major applying to their match groups as applying to some
specific match group. Marketing & Advertising graduates applying to either Marketing
or Advertising are treated as applying to Marketing. Languages applying to Tourism or
Language Teacher occupation are considered applying to Languages/Liberal Arts job.
Fashion & Interior & Industrial Design graduates applying to any of their three are
counted as applying to Arts/Computer Graphic/Industrial Design.

Table B1 and Table B2 illustrates major-occupation matching prior and after
merge respectively. There are 6 Narrow-level merged majors and 1 Broad-level merged
major. Narrow-level majors are Arts, Humanities, Physical Sciences, Mathematics &
Statistics, and Health Sciences. The Broad-level merged major is Agriculture.



Table B1: Pre-merge Major-Occupation Matching Table
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Broad | Narrow | Detail Major Job
. Lecturer/Teacher/Academic/Liberal
1 1 111 | Education Arts/English Teacher
211 Audlo-v[sual techn_lques Arts/Computer Graphic/Industrial Design
and media production
21 212 Fashion, interior, and Arts/Computer Graphic/Industrial Design
industrial design P P g
2 213 | Fine arts Arts/Computer Graphic/Industrial Design
215 | Music and performing arts | Performer/Singer/Musician/MC
” 221 | Religion and theology Language/Liberal Arts/Writer/Editor
222 | History and archeology Language/Liberal Arts/Writer/Editor
23 231 | Languages Language/Liberal Arts/Writer/Editor
311 | Economics Economics/Mathematics/Statistics
31 312 | Political science Political Science/Government
3 313 | Psychology Psychologist/Social Worker
3 321 | Journalism and reporting Mass Communication - Radio/Television
322 | Library science Language/Liberal Arts/Writer/Editor
411 | Accounting and taxation Accountant
412 Flnance, Bankig el Finance/Banking
a1 insurance
4 Management and Administrator/Procurement/Coordinator/
413 » : .
administration Typist
414 | Marketing and advertising | Marketing
42 421 | Law Law
51 511 | Biological sciences Science/Chemistry/Biology/Food
Technology
59 521 | Environmental sciences Science/Chemistry/Biology/Food
Technology
531 | Chemistry Science/Chemistry/Biology/Food
5 Technology
53 532 | Earth science Earth Science/Mining
533 | Physics Science/Chemistry/Biology/Food
Technology
- 541 | Mathematics Economics/Mathematics/Statistics
542 | Statistics Economics/Mathematics/Statistics
6 61 611 | Computer Use Computer/IT/Programmer
613 | Software Development Computer/IT/Programmer
. . . Mechanical Engineer/Metallurgical
710 | Industrial engineering Engineer/Industrial Engineer
711 | Chemical engineerin Chemical Engineer/Petrochemical
7 71 g 9 Engineer/Polymer Engineer
712 | Environmental technology | Environmental Engineer
713 | Electricity and energy Electrical Engineer/Electronics Engineer




Electronics and
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714 - Electrical Engineer/Electronics Engineer
automation
Mechanics and metal Mechanical Engineer/Metallurgical
715 . . .
trades Engineer/Industrial Engineer
721 | Food processing Science/Chemistry/Biology/Food
9 Technology
799 | Materials manufacturin Production Engineer/Production
g Line/QA/Factory
731 Architecture and town Engineering Drawing/Architecture/Interior
73 planning Design
732 | Civil engineering Foreman/Civil Engineer
81 811 | Agriculture Agriculture/Horticulture/Fishery/Irrigation
g 82 821 | Forestry Agriculture/Horticulture/Fishery/lrrigation
83 831 | Fisheries Agriculture/Horticulture/Fishery/Irrigation
84 841 | Veterinary Veterinary
913 | Nursing and midwifery Doctor/Nurse/Pharmacist/Public Health
914 Medicakgiagnostis ar Doctor/Nurse/Pharmacist/Public Health
treatment technology
9 91 915 | Therapy and rehabilitation | Doctor/Nurse/Pharmacist/Public Health
916 | Pharmacy Doctor/Nurse/Pharmacist/Public Health
917 Traditiénal dnd b Doctor/Nurse/Pharmacist/Public Health
complementary medicine
92 923 | Welfare Psychologist/Social Worker
1011 | Domestic services Food and Beverage/Chef
101 1013 | Hotel, travel, and tourism | Hotel/Tourism/Ticket
1014 | Sports Sports Science
10 1021 | Community sanitation Doctor/Nurse/Pharmacist/Public Health
102 Occupational health and .
1022 safety Occupational Safety
104 1041 | Transport services Warehousing/Logistics




Table B2: Post-merge Major-Occupation Matching Table
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Broad | Narrow | Detail Major Job
1 Education Lecturer/Teacher/Academic/Liberal
Arts/English Teacher
21 Arts Arts/Computer Graphic/Industrial Design
2 22 Humanities Language/Liberal Arts/Writer/Editor
23 Languages Language/Liberal Arts/Writer/Editor
311 Economics Economics/Mathematics/Statistics
31 312 Political science Political Science/Government
3 313 Psychology Psychologist/Social Worker
321 Journa}llsm and Mass Communication - Radio/Television
32 reporting
322 Library science Language/Liberal Arts/Writer/Editor
411 Acco_untlng and Accountant
taxation
412 Flnapce, gapking Finance/Banking
a1 and insurance
4 Management and Administrator/Procurement/Coordinator/
413 7~ : .
administration Typist
414 Marke_tmg and Marketing
advertising
42 421 Law Law
5 51 Biological sciences | Science/Chemistry/Biology/Food Technology
52 EQV|ronmentaI Science/Chemistry/Biology/Food Technology
sciences
53 Physical sciences Science/Chemistry/Biology/Food Technology
Mathematics and . . .
54 AR Economics/Mathematics/Statistics
611 Computer Use Computer/IT/Programmer
6 61
613 Software Computer/IT/Programmer
Development
Industrial Mechanical Engineer/Metallurgical
710 - . . . .
engineering Engineer/Industrial Engineer
Chemical Chemical Engineer/Petrochemical
711 L . .
engineering Engineer/Polymer Engineer
712 Environmental Environmental Engineer
7 technology
713 Electricity and Electrical Engineer/Electronics Engineer
7 energy
714 Electron.lcs and Electrical Engineer/Electronics Engineer
automation
715 Mechanics and Mechanical Engineer/Metallurgical
metal trades Engineer/Industrial Engineer
721 Food processing Science/Chemistry/Biology/Food Technology
72 10p | Materials Production Engineer/Production

manufacturing

Line/QA/Factory
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Architecture and

Engineering Drawing/Architecture/Interior

731 . .
73 town planning Design
732 Civil engineering Foreman/Civil Engineer
8 Agriculture Agriculture/Horticulture/Fishery/lrrigation
9 91 Health sciences Doctor/Nurse/Pharmacist/Public Health
92 Welfare Psychologist/Social Worker
1011 | Domestic services | Food and Beverage/Chef
Hotel, travel, and . .
101 1013 tourism Hotel/Tourism/Ticket
1014 | Sports Sports Science
10 i
1021 Commynlty Doctor/Nurse/Pharmacist/Public Health
102 sanitation
Occupational .
1022 health and safety Occupational Safety
104 1041 | Transport services | Warehousing/Logistics
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Appendix C: Derivation of elasticity and probability change

Elasticity of mismatch probability to change in earnings expectation of the
match choice is:
0(1-Pijky) ~ Wijkg _ —0Pijky ~ Wijkg

B - — Cl1l

From our objective equation (C.1), we will see that we can find the elasticity
through marginal effect of earnings expectation change on match probability Py . The

following derivation will be for that purpose.

Consider equation (6) in case of occupation ki and ke, given Py # 0 for all k:

Pi;

Pijko

Pi;
In (P_;?) = Bojk, T B1j(Wijk, — Wijk,) + X0k, (C.3)
ijko

Subtract equation (C.3) by equation (C.2):

Pj;
1n< sz) = (Bojk, = Bojk,) t B1j(Wijk, = Wik, ) + Xij (B, — 8, )(C.4)

Pijk,

Total differentiate equation (C.4) by Wj;,, using chain rule would yield:

Piik
JK2
Piji; (Piuq)_ 9Pijk,

=0 C5
Pijk, OPjjk,  OWijk, (€35)
. : aP;;
We already know that P;j, # 0. Also, as we will easily see that a‘;ﬂ #0, then:
ijko
6<Pﬁk2>
P::

ki) — g (C.6)

aPi]'kO



47

. . . . Pijk N . .
which implies fraction ?ki is unaffected by changes in Py, straightforwardly
intuitive. When Wy, changes, only earnings expectation gaps between Wj;,, and other
Wik change. Thus, only proportions between Py, and other Py, that changes while of

other pairs remain unchanged as their earnings expectation gap is not altered.

Now consider basic property of choice probabilities. For any individual i who
graduated from college major j, probability for choosing each occupation choice k must
add up to one. Given that n is number of alternatives observed,:

1= Pijko + Pijk1 + Pijk2+- .. +Pijkn_1 (C.7)

Divide both sides of equation (C.7) by any B where k # 0. Here, | choose Py

1 Pijk Pijk Pijk Pijk,_
— ﬁ+(1+#+#+_”+ &)
Pijk;  Pijkg Pijk;  Pijkq Pijk,

For ease of writing, | will use variable C to represent terms in parentheses:

1 Pik, rC
Piji;  Pijkg
1-Pijk,
Pk, =—— (C.8)

Substitute equation (C.8) back into (C.2) yields:

1—Pj;j
In (ﬁ) = Bojk, T B1j(Wijk, — Wij,) + X505,  (C.9)

From equation (C.6), we already know that fractions of probabilities without
P;jk, are independent of Py . As variable C is total addition of such fractions, then C

must also be independent of Py, . When differentiate with Py , the variable C is
equivalent to constant.



48

We will then total differentiate equation (C.9) by Wy, using chain rule:

CPijk,  —C OPijky

1-Pijko (CPijip)” OWijko Py
OPijig _
Wiy B1jPijk, (1 — Pijk,) (C.10)

Now that we got marginal effect of earnings expectation on match probability,
substituting equation (C.10) into our objective equation (C.1) yields:

Emismatch,wip, = —B1jPijio Wijk, (C.)

The equation tells us how many percent of current mismatch probability would
the probability changes when the earnings expectation increases by 1 percent. If we
would like to know in term of real probability change, all needs to do is multiplying
the elasticity by current mismatch probability 1 — Py . The equation of real probability
change is then:

A(1 = Pyx,) = —B1jPii (1 = Piicy ) Wiy (c.m
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