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Abstract 

The importance of  curriculum choice for subsequent income is studied, using de-
tailed education data from the Master of  Science in Engineering program at the 
Technical University of  Denmark (DTU). It is found that there are large differences 
across areas of  specialization within STEM . Compared to graduates specialized in 
Science (S), graduates specialized in Mathematics (M) have a starting wage that is 20 
percent higher, and graduates specialized in Technology (T) have a starting wage that 
is approximately 15 percent higher; graduates specialized in Engineering (E) have 
a similar starting wage. Wage variation within the specific education program is of  
comparable importance to the wage variations between broad types and different 
lengths of  education . Moreover, large variations in wages exist within the four STEM 
areas, which can be partly explained by course choice. Specifically, courses in M are 
associated with higher wages in most areas of  specialization, which indicates that M 
is a general-purpose skill . In contrast, S, T and E are to a higher extent specific-purpose 
skills, as courses in these fields are not associated with higher wages if  completed 
outside the area of  specialization. In addition, a higher GPA obtained in the specific 
program is associated with higher wages. Approximately half  of  the wage differences 
can be explained by the industry composition of  jobs . Proxies for individual ability, 
in the form of  the course taken and the average GPA from high school, are included 
in the regressions to control for individual ability .
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1 Introduction

This paper studies the following question: How important is curriculum choice in 
a higher education program for a student’s subsequent career? This is important to 
understanding how further education affects the creation of  human capital. Is the 
curriculum choice within specific educational programs important, or is the return 
on education affected more by educational type (natural science, social science, 
business administration, etc .) and length (high school, bachelor’s, master’s, etc .)? 
There is limited knowledge about this issue .

The importance of  curriculum choice for starting income is studied for candidates 
in the Master of  Science in Engineering program at the Technical University of  
Denmark (DTU) . The main reason for selecting this program is that STEM is often 
claimed to be important for productivity and economic growth . A number of  mod-
els of  economic growth emphasize the importance of  engineers for innovation and 
R&D; see, for example, Romer (1990) . Knowledge of  the importance of  STEM 
qualifications and more specific qualifications within STEM – for example, within 
Science (S) – for individual productivity as measured by wages is, however, limited 
and is the focus of  this study. To our knowledge, the present study is the first to ex-
amine in detail the relationship between STEM qualifications and starting salaries 
within a specific graduate program.

We run wage regressions including, among others, information on course selec-
tion and the GPA obtained in the program . The main result is that wage variation 
within the specific educational program is of  quantitative importance. For exam-
ple, graduates who specialize in M, i.e., take most courses within the field, have on 
average a starting salary that is 20 percent higher than graduates specialized in S . 
Graduates who fully specialize in M, i.e., take all their courses within the field, have 
on average a starting salary that is 27 percent higher than graduates who are fully 
specialized in S .  

Moreover, coursework in M enters positively and significantly in four out of  five ar-
eas of  specialization . In other words, M is correlated with higher wages in (almost) 
all specializations and can be interpreted as a general-purpose skill . On the other hand, 
S, T, and E are not correlated significantly with income when coursework is com-
pleted outside the area of  specialization. For example, graduates specialized in T do 
not have higher wages if  they take courses in S or E . This suggests that S, T, and E 
can be interpreted as specific-purpose skills . 
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Wage variation within the specific education program is of  comparable magnitude 
to wage variations between type and length of  education. For comparison, Dal-
gaard et al. (2009) find that a degree in the humanities in Denmark is associated 
with 22 percent lower earnings compared to a non-humanities degree; Iversen et 
al. (2016) find a wage gap of  40 percent between employees with upper secondary 
degrees and higher education .1 This indicates that curriculum choice within specific 
graduate programs is potentially very important for graduates’ productivity and has 
a magnitude that matches both type and length of  education . 

The analysis is made possible by a dataset on engineering graduates from DTU . 
Specifically, the dataset contains information on the curriculum choices and grades 
obtained . The dataset is linked with register data from Statistics Denmark, which 
contains information on the individuals’ labor market history . In addition, the da-
taset includes information on graduates’ educational history prior to the master’s 
education, as well as information about their parents’ education and income .

A limitation of  the analysis is that the estimated effects may be subject to omitted 
variable bias. The concern is related to variation in individual ability. For example, 
if  individuals who are highly skilled in mathematics specialize in mathematical 
courses, and if  this specialization subsequently results in higher wages, we cannot 
rule out the possibility that ability, not curriculum choice, is what results in higher 
wages. To handle this challenge, we include proxies for ability – measured by aver-
age GPA in high school, courses selected in high school and other educational in-
formation – in the analysis. It is found that the presented results are robust against 
the inclusion of  such proxies . Despite this, we cannot rule out the possibility that 
unobserved factors are important, as we may not have controlled sufficiently for 
individuals’ ability . In that sense, the analysis presented is a correlation study rather 
than a study of  causality . Nevertheless, we consider the analysis to be of  interest 
because there exist only a few studies on curriculum choice and wages and no study 
focusing on STEM . 

The remainder of  the paper is organized as follows: In section 2, previous studies 
are presented . In section 3, the data and institutional setting are introduced, and 
section 4 presents the results . Section 5 concludes .

1    The economic literature shows that the wage gap between college majors is of  the same magnitude as the wage 
gap between high school and college (Altonji, 2012; Kirkeboen et al ., 2016) .
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2 Literature 

Few studies have investigated the variation within higher education programs in the 
return on education . Three studies focus on highly selected individuals from top 
US schools, and one study analyzes a higher education program at Copenhagen 
Business School . All these studies focus on education programs within the social 
sciences and business economics . Athey et al . (2007) study graduate students from 
the five highest-ranked economics Ph.D. programs in 1993 (Harvard University, 
MIT, Princeton University, Stanford University, and the University of  Chicago) and 
find that first-year grades in mandatory courses are a strong predictor of  economics 
graduate students’ job placements, but they do not examine how different courses 
impact job placements . Bertrand et al . (2010) examine the salary gap between male 
and female MBA students from Chicago Booth (the business school of  the Univer-
sity of  Chicago). They find that men take more finance courses and have higher 
GPAs; the GPA, however, has no impact on wages, whereas the share of  finance 
courses of  all courses taken is significantly positively related to wages. Lazear (2012) 
studies MBAs from the Stanford Graduate School of  Business (the business school 
of  Stanford University) and uses three variables to describe differences in course 
plans; these are the number of  economics courses taken, the number of  finance 
courses taken, and the maximum number of  courses taken within one field. Only 
the number of  finance courses has a significant positive impact on wages. 

Dahl et al . (2016) use detailed educational data on graduates from Copenhagen 
Business School. They find that choosing courses in management is a significant 
predictor of  leadership and that individuals who have diversified curricula, with 
many different types of  classic business courses, are more likely to become manag-
ers. By contrast, they found that educational diversification outside classic business 
courses is not significant in the model. The paper also finds that courses in manage-
ment, marketing, finance and accounting show a positive correlation with wages. 

Carnevale et al. (2015) study wage differences at the bachelor’s level but do not 
link wage differences to the selection of  courses. It is found that there are large 
wage gaps both between and within 15 bachelor’s degree areas. For example, stu-
dents with a major within STEM have the highest starting wages and experience 
the highest wage increases during their careers, compared to non-STEM students . 
Within STEM, the starting salary is highest for engineers (median of  $50,000), 
followed by mathematicians (median of  $43,000) . The two lowest-earning STEM 
groups earn less than the median annual wage of  college-educated workers 
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($33,000) . It is concluded that there is a large variation in salaries both within and 
between STEM majors in the US . 

Several studies more generally compare wages between educational types . Blundell 
et al . (2000) use the UK National Child Development Study, with information on 
family background for children born in a specific week in March 1958, their ed-
ucational choices, and labor market data on hourly wages . They use the salary in 
1991, when the individuals were 33 years old . Estimation is performed using match-
ing, where people with higher education are compared to people who could have 
completed higher education but chose not to do so . In accordance with previous 
studies, Blundell et al. (2000) find significant differentials. For example, chemistry 
and biology achieve the lowest return on education, while economics, accounting 
and law gain the highest return. Another study focusing on differences between 
majors is Arcidiacono (2004), who similarly finds large differences in wages between 
majors, such as the natural sciences, business administration, the social sciences, the 
humanities, etc .
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3 Data and Institutional Setting

The backbone of  the analysis is a dataset from the DTU . The dataset contains the 
full exam transcripts for all engineers graduating from DTU since 1996 . The data-
set is linked to the Danish matched employer-employee dataset, which gives access 
to information on wages and other labor market variables . Moreover, the dataset is 
linked to graduates’ pre-tertiary educational performance, as well as personal and 
parental background characteristics . 

3.1  The sample

The data from DTU covers a period from 1996 to 2016 . To avoid the possibility 
that changes in the institutional setup at DTU would influence the results, a period 
with only minor changes in the study structure is selected . In addition, to follow 
graduate engineers for up to 10 years on the labor market, an early period is pri-
oritized . This results in a sample of  students who were admitted to DTU in the 
2003/2004 study year or earlier and who started a general 5-year program (civil 
engineering) . The sample is limited to students who started completion of  the last 
120 European Credit Transfer and Accumulation System (ECTS)2 credits in the fall 
term of  1997 or later3. The final sample for analysis includes approximately 3,500 
individuals who graduated from the 5-year program .

The chosen program is characterized by few rules and regulations, allowing 
students to freely choose from all available courses . The study guidebook from 
2003/2004 states that students complete approximately 35 courses, 3-5 courses per 
semester. In the first four semesters, they face one restriction, which is successful 
completion of  a specific compulsory course program.4 Since the first part of  the 
degree program is partly mandatory, the last two academic years of  the program 
are used in this analysis . In this part of  the program, the individual specialization 
is expected to be most pronounced . More precisely, the analysis is limited to the 

2    ECTS credits measure the quantity of  further education in the European Union. For successfully completed 
studies, ECTS credits are awarded . One academic year corresponds to 60 ECTS credits .
3    This restriction is because of  a data break since significant changes were made to the supply of  courses and the 
naming of  courses in 1997 .
4    The main elements of  the compulsory course program were an introduction to the core of  mathematics, physics 
and chemistry (adapted to the individual compulsory course program), an introduction to the field’s technical 
courses, and a project focusing on interdisciplinary skills . It is important to note that the compulsory course 
program did not lock students’ further study opportunities .
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last 120 ECTS credits of  the engineering degree . This is generally the last four 
semesters of  the 5-year degree and corresponds to a master’s degree following the 
Bologna Declaration . During the last two years, students choose 3 to 5 courses per 
semester from approximately 700 courses offered annually. 

3.2  STEM-classification 

This section describes the applied course classification of  the analysis. To reduce 
the dimensions in curriculum choice, courses are divided into five areas: Science (S), 
Technology (T), Engineering (E), Mathematics (M) and Management (L) . 

There is a very large supply of  courses at DTU, and the 3,500 students in the sam-
ple passed approximately 1,600 of  these within the last 2 years of  their studies .5 On 
average, a course has been taken by 33 of  the students in the sample . However, per 
semester, a course was taken by an average of  only 5 .8 students; for 50 percent of  
the courses, there were 3 or fewer students in the sample . This indicates that stu-
dents in our sample have very different course curricula in the final two years of  
their graduate studies . A student typically takes 13 courses in the last 2 years; the 
remaining credits are obtained through projects, including a final thesis. 

The large variation in courses is an advantage but also a challenge in the analysis 
of  curriculum choices . On the one hand, it is a prerequisite for our analysis that 
there is a large degree of  individual specialization . However, to make precise pre-
dictions, a level of  aggregation is needed . To reduce the data variation, courses are 
aggregated into the five groups. The reason for dividing courses into STEM is the 
great interest in STEM in many countries; see, for example, Romer (2001) .6 Thus, 
there seems to be general agreement that STEM is an important education type 
for individuals and the society at large. It is less clear which specific qualifications 
within STEM lead to higher productivity . Management is chosen as a specialization 
in addition to STEM because the structure at DTU makes it a natural area to sepa-
rate out . In addition, high-quality management has been found to be important for 

5    The 1,600 courses correspond to different choices from the DTU course database. Projects and the master’s 
thesis are not included in this .
6    Romer (2001) points to a flaw in the US innovation strategy: ignoring the structure of  the institution of  higher 
education . An inelastic labor supply will lead investment in R&D to transform into higher wages instead of  
technological progress . Consequently, he argues that government programs focusing on the demand side that were 
intended to speed up technological processes had very little effect. Instead, the government should subsidize the 
supply in the market for scientists and engineers .
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firms’ performance (e.g., Bloom and Van Reenen, 2010), which makes a focus on 
management relevant .

The aggregation of  courses into the 5 areas is performed using the department 
structure at DTU that offers courses more or less related to the different fields.  
Table 1 shows which departments we aggregate into the five areas.7 In addition, 
the percentage of  students taking courses within the 5 areas and 14 departments is 
shown . By aggregating the courses into 5 areas, the analysis is more robust, yet an 
important part of  the course variation remains in the data .8

Table 1. Departments and aggregation of courses into 5 areas

Areas Departments Share of students Average share

Science: S 0.55 0.20
Physics 0.31 0.04
Chemistry 0.22 0.04
Systems Biology 0.18 0.08
Micro- and Nanotechnology 0.09 0.03

Technology: T 0.72 0.26
Chemical Engineering 0.17 0.04
Electrical Engineering 0.37 0.08
Photonics 0.17 0.04
Mechanical Technology 0.26 0.08

Engineering: E 0.32 0.16
Building and Construction 0.19 0.08
Water and Environmental Technology 0.20 0.07

Mathematics: M 0.74 0.21
Mathematics 0.25 0.02
Informatics and Mathematical Modeling 0.69 0.18

Management: L 0.78 0.17
Planning, Innovation and Management 0.77 0.15
Transportation and Traffic 0.05 0.01

Source: Own calculations based on data from DTU and Statistics Denmark.

7    The students also had the opportunity to take courses at other educational institutions in Denmark or abroad . 
In addition, DTU offers language courses and other courses. These courses typically fall below 5 ECTS credits for 
the individual student and are not part of  this analysis .
8    It should be noted that the decision to reduce the variation in data and the use of  departments naturally also 
defines some limitations of  this study. Most of  the departments at DTU could claim that they educate students in 
several qualifications across the chosen areas. This variation is excluded in this analysis.
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All courses can naturally be classified as “engineering” as we analyze an engineer-
ing program. The division in STEM areas should be understood as a classification 
within the field of  engineering. E is chosen to represent a particular group of  
courses and is a narrower definition than overall engineering. The classic courses 
of  engineering (building, electrical, machine and production) are divided into E 
and T, where T has a relatively higher industrial focus than E . S is chosen to rep-
resent science (including courses such as physics, chemistry, and biology) . M and L 
cover courses offered by the Department of  Mathematics and Department of  In-
formation and Mathematical Modeling, respectively, the Department of  Planning, 
Innovation, and Management, and the Department for Transportation and Traffic. 
It appears that 78 percent of  the sample took courses within Management and 
that 74 percent took courses within Mathematics . Conversely, only 32 percent took 
courses within Engineering .

3.3  Descriptive Statistics

In this section, the wage variation between and within the 5 areas is explored . In 
Figure 1, the cumulative distribution function for starting salary is presented by the 
5 areas of  specialization, where the area of  specialization is defined as the area in 
which students obtained the highest number of  ECTS credits . The median starting 
salary for specialization in M is around DKK 432,000, while the median starting 
salary for T and L is around DKK 409,000. Finally, the median starting salaries for 
E and S are around DKK 381,000 and 336,000, respectively . In other words, there 
is about a DKK 96,000 or 29 percent difference in the median annual starting sal-
ary between individuals specialized in M and S . Eighty percent of  individuals spe-
cialized in M earn around DKK 350,000 or more, whereas only 45 percent earn 
that amount or more if  specialized in S . In addition, variation within specialization 
areas is large; for instance, the middle 60 percent of  individuals specialized in M, 
i .e ., individuals between the 20th and 80th percentile, earn between DKK 350,000 
and 500,000. It is also apparent from the figure that M stochastically dominates the 
other 4 areas and that L and T stochastically dominate E and S .

In Table 2, the variations in courses across the 5 areas are presented . The table is 
best understood by focusing on one area of  specialization at a time . In the following, 
we focus on T as the area of  specialization . It appears from the second row of  the 
table that 983 of  the students have T as their area of  specialization. For example, 
the top 10 percent of  individuals within T have 91 percent or more of  their ECTS 
credits within T, while the bottom 10 percent of  individuals have only 54 percent 
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or less of  their ECTS credits within T . In addition to courses within T, 46 percent 
of  the individuals have credits within S, 18 percent within E, 73 percent within M, 
and 75 percent within L . There is also a large spread in how many areas in which 
the students have taken courses, and how large a percentage of  their credits they 
have in the different areas. For example, some students have more than 23 percent 
of  their courses within L, and other students have more than 31 percent of  their 
courses within M . In other words, there is a large variation in the course choice 
of  individuals specialized within T . Similar patterns apply for the other four areas 
of  specialization . This is reassuring since there are no restrictions on how the ed-
ucation is structured across these program areas, and no obvious combinations of  
courses within the five areas of  specialization are observed.

Table 2. Distribution of credits within the five areas of specialization 

  Science Technology Engineering Mathematics Management

Specialization  Share p10 p90 Share p10 p90 Share p10 p90 Share p10 p90 Share p10 p90

S (n=743) 1 0.58 0.95 0.58 0.04 0.28 0.12 0.04 0.17 0.67 0.04 0.17 0.72 0.04 0.15

T (n=983)       0.46 0.04 0.27 1 0.54 0.91 0.18 0.04 0.29 0.73 0.04 0.31 0.75 0.04 0.23

E (n=619)      0.35 0.04 0.13 0.53 0.04 0.17 1 0.59 0.93 0.68 0.04 0.18 0.73 0.04 0.24

M (n=673)      0.51 0.04 0.14 0.69 0.04 0.35 0.08 0.04 0.29 1 0.56 0.93 0.77 0.04 0.21

L (n=507)  0.37 0.04 0.15 0.65 0.04 0.32 0.34 0.04 0.36 0.61 0.04 0.22 1 0.51 0.96

Note: The rows indicate the area a student has the most credits in (specialization), and the columns indicate the distribution of credits across the 5 areas. 
Share indicates the percentage of students who have credits in the area. P10 indicates the 10th percentile for students who have credits in the area. 
The P90 indicates the 90th percentile. As an example, the first cell (S, S) says that everyone with a primary focus in S has, by definition, courses within 
S. Eighty percent of students take 58 percent to 95 percent of their courses within S. Thus, 90 percent of students with S as their main area have more 
than 58 percent of their courses within S. The top 10 percent takes more than 95 percent of their courses within S.

Source: Own calculations based on data from DTU and Statistics Denmark.

Finally, in Figure 2, the average salaries across the 5 areas over time are present-
ed .9 The figure confirms that, in the first job, the average wage gap is about DKK 
100,000 between S and M, corresponding to 28 percent. This difference is persis-

9    The figure is based on an unbalanced sample with 3,525 engineers after 1 year, 2,055 engineers after 8 years 
and 1,302 engineers after 10 years. This is a consequence of  how the sample was defined.
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tent . However, two areas have stronger wage increments compared to the other 
areas . These are L and S . Individuals specialized in L start out being, on average, 
the third best-paid group, while individuals specialized in S on average begin as the 
lowest-paid group . After 10 years, however, L is on average the best-paid specializa-
tion, while S is on average better paid than E . 

In conclusion, large variations in starting salaries exist across and within the five 
areas. In the following section, the paper investigates whether these differences can 
be (partly) explained by differences in course choice. However, it is stressed that no 
causal identification strategy is used, and the analysis should be thought of  as a 
correlation study rather than a study of  causality . Nevertheless, the analysis is con-
sidered to be of  interest because there exist only a few studies on curriculum choice 
and wages, and no study focuses on STEM . In addition, it should be mentioned 
that we do include proxies to control for differences in individual ability.

Figure 1. Cumulative Wage Distribution by Specialization.

Percentiles are averages of 5 individuals around the specific percentile to fulfill Statistics Denmark’s rules on anonymity.

Source: Own calculations based on data from DTU and Statistics Denmark.
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Figure 2. Average Wage Income over Time (by Specialization).

Percentiles are averages of 5 individuals around the specific percentile to fulfill Statistics Denmark’s rules on anonymity.

Source: Own calculations based on data from DTU and Statistics Denmark.
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4 The Correlation Study

In this section, wage regressions are used to investigate to what extent course choic-
es are associated with differences in starting salaries. 

4.1  The empirical model

We estimate the following wage regression:

10	
	

4. The	Correlation	Study	
In	this	section,	wage	regressions	are	used	to	investigate	to	what	extent	course	choices	are	associated	with	
differences	in	starting	salaries.		

4.1	The	empirical	model	
We	estimate	the	following	wage	regression:	

𝑦𝑦" = 𝛽𝛽% + 𝛽𝛽'𝑍𝑍" + 𝛼𝛼'𝑋𝑋" + 𝜃𝜃,," + 𝜀𝜀",	

where	𝑦𝑦" 	measures	(the	logarithm	of)	the	annual	salary	for	the	first	full	calendar	year	after	graduation.	𝑍𝑍" 	
is	 a	 vector	 of	 variables	 describing	 individuals’	 course	 choices;	𝑋𝑋" 	 is	 a	 vector	 of	 personal	 and	 parental	
characteristics	that	is	included	to	partly	control	for	individual	ability	that	is	potentially	correlated	with	the	
choice	of	courses	and	subsequent	labor	market	performance.	𝜃𝜃,," 	are	year	dummies	that	equal	one	the	
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standard	error.	The	coefficient	vector,	𝛽𝛽,	is	the	vector	of	interest	that	describes	the	effect	of	the	course	
choice	on	starting	salaries.	

In	the	following,	we	apply	three	approaches	to	including	information	on	individuals’	course	choices.	First,	
𝑍𝑍" 	 includes	four	dummy	variables,	one	for	each	of	the	areas	of	specialization	(using	S	as	the	reference	
group).	The	results	are	presented	 in	Table	3.	Second,	𝑍𝑍" 	 includes	 four	continuous	variables	 (using	S	as	
reference),	with	 the	 shares	of	ECTS	credits	within	 the	5	areas	 in	Table	4.	This	approach	enables	us	 to	
analyze	combinations	of	courses	across	the	5	areas.	The	results	are	presented	in	Table	4.	Third,	we	use	
the	five	shares	of	ECTS	credits	combined	with	each	of	the	5	areas	of	specialization.	This	is	a	less	restrictive	
version	of	the	approach	used	in	Table	4,	as	the	impact	of,	for	example,	the	share	of	mathematics	courses,	
is	allowed	to	vary	across	areas	of	specialization.	As	a	consequence,	𝑍𝑍" 	includes	24	variables	(5x5,	excluding	
the	reference	group).	The	results	are	presented	in	Table	6.	(The	structure	of	Table	6	follows	that	of	Table	
2,	 i.e.,	within	each	of	the	five	areas	of	specialization,	the	shares	of	ECTS	credits	across	the	5	areas	are	
included).	

4.2	Results	
Table	 3	 presents	 coefficients	 from	 the	 wage	 regression	 for	 the	 first	 job	 and	 focuses	 on	 the	 area	 of	
specialization.	In	the	first	column,	dummies	for	the	area	of	specialization,	GPA	for	the	last	2	years	of	the	
degree,	 and	dummies	 for	 graduation	year	are	 included	as	 the	only	explanatory	variables.	 This	 follows	
Figure	 1,	with	 the	 difference	 that	 the	 table	 controls	 for	GPA	 and	 the	 year	 of	 graduation.	 Specifically,	
dummies	are	included	for	specialization	within	T,	E,	M	and	L,	while	S	is	used	as	the	reference	group.	The	
coefficients	measure	 the	 salary	 gains	 for	 the	 corresponding	 area	 of	 specialization	 compared	 to	 being	
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than	 individuals	within	S.	A	person	specialized	within	M	has	on	average	the	highest	starting	salary,	an	
average	of	20	percent	higher	than	S.10	For	individuals	specialized	in	T	or	L,	the	salary	gain	is	on	average	14	
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group).	The	results	are	presented	 in	Table	3.	Second,	𝑍𝑍" 	 includes	 four	continuous	variables	 (using	S	as	
reference),	with	 the	 shares	of	ECTS	credits	within	 the	5	areas	 in	Table	4.	This	approach	enables	us	 to	
analyze	combinations	of	courses	across	the	5	areas.	The	results	are	presented	in	Table	4.	Third,	we	use	
the	five	shares	of	ECTS	credits	combined	with	each	of	the	5	areas	of	specialization.	This	is	a	less	restrictive	
version	of	the	approach	used	in	Table	4,	as	the	impact	of,	for	example,	the	share	of	mathematics	courses,	
is	allowed	to	vary	across	areas	of	specialization.	As	a	consequence,	𝑍𝑍" 	includes	24	variables	(5x5,	excluding	
the	reference	group).	The	results	are	presented	in	Table	6.	(The	structure	of	Table	6	follows	that	of	Table	
2,	 i.e.,	within	each	of	the	five	areas	of	specialization,	the	shares	of	ECTS	credits	across	the	5	areas	are	
included).	

4.2	Results	
Table	 3	 presents	 coefficients	 from	 the	 wage	 regression	 for	 the	 first	 job	 and	 focuses	 on	 the	 area	 of	
specialization.	In	the	first	column,	dummies	for	the	area	of	specialization,	GPA	for	the	last	2	years	of	the	
degree,	 and	dummies	 for	 graduation	year	are	 included	as	 the	only	explanatory	variables.	 This	 follows	
Figure	 1,	with	 the	 difference	 that	 the	 table	 controls	 for	GPA	 and	 the	 year	 of	 graduation.	 Specifically,	
dummies	are	included	for	specialization	within	T,	E,	M	and	L,	while	S	is	used	as	the	reference	group.	The	
coefficients	measure	 the	 salary	 gains	 for	 the	 corresponding	 area	 of	 specialization	 compared	 to	 being	
specialized	in	S.	 It	 is	seen	that	individuals	within	T,	M	and	L	receive	on	average	a	higher	starting	salary	
than	 individuals	within	S.	A	person	specialized	within	M	has	on	average	the	highest	starting	salary,	an	
average	of	20	percent	higher	than	S.10	For	individuals	specialized	in	T	or	L,	the	salary	gain	is	on	average	14	

																																																													
10	The	percentage	difference	is	equal	to	exp(0.200)	-	1	=	22	percent,	while	the	0.20	refers	to	differences	in	log	
points.	In	the	following,	we	refer	to	the	estimated	coefficients	as	percentage	differences,	although	this	is	only	
approximately	correct.		
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, is the vector of  interest that describes the effect of  the course choice on starting 
salaries .

In the following, we apply three approaches to including information on individuals’ 
course choices. First,  includes four dummy variables, one for each of  the areas of  
specialization (using S as the reference group) . The results are presented in Table 3 . 
Second,  includes four continuous variables (using S as reference), with the shares 
of  ECTS credits within the 5 areas in Table 4 . This approach enables us to analyze 
combinations of  courses across the 5 areas . The results are presented in Table 4 . 
Third, we use the five shares of  ECTS credits combined with each of  the 5 areas 
of  specialization . This is a less restrictive version of  the approach used in Table 4, 
as the impact of, for example, the share of  mathematics courses, is allowed to vary 
across areas of  specialization . As a consequence,  includes 24 variables (5x5, ex-
cluding the reference group) . The results are presented in Table 6 . (The structure 
of  Table 6 follows that of  Table 2, i.e., within each of  the five areas of  specializa-
tion, the shares of  ECTS credits across the 5 areas are included) .
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4.2  Results

Table 3 presents coefficients from the wage regression for the first job and focuses 
on the area of  specialization. In the first column, dummies for the area of  spe-
cialization, GPA for the last 2 years of  the degree, and dummies for graduation 
year are included as the only explanatory variables. This follows Figure 1, with the 
difference that the table controls for GPA and the year of  graduation. Specifically, 
dummies are included for specialization within T, E, M and L, while S is used as the 
reference group. The coefficients measure the salary gains for the corresponding 
area of  specialization compared to being specialized in S . It is seen that individu-
als within T, M and L receive on average a higher starting salary than individuals 
within S . A person specialized within M has on average the highest starting salary, 
an average of  20 percent higher than S .10 For individuals specialized in T or L, the 
salary gain is on average 14 percent and 11 percent, respectively, compared to indi-
viduals specialized in S . Starting salaries in specialization areas S and E do not differ 
in a statistical sense . Moreover, a high university GPA is important to the starting 
salary . It is seen that an additional GPA point leads to a higher starting salary of  
approximately 2 percent; the Danish grade scale runs from the pass mark of  2 to 
the best mark of  12 .

Columns 1 through 3 include additional background information in 
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10	The	percentage	difference	is	equal	to	exp(0.200)	-	1	=	22	percent,	while	the	0.20	refers	to	differences	in	log	
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, reading 
from left to right . In Column 2, personal characteristics consist of, among other 
things, the high school GPA. We include this variable to control for the “absolute 
ability” of  students. This GPA is a weighted average of  the grades in the final 
exam in each course . The quality of  the courses, as well as the GPA, is comparable 
across high schools since all students within the same cohort face identical written 
exams; all exams and major written assignments are evaluated by the student’s 
own teacher, as well as external examiners (teachers from other high schools) . The 
external examiners are assigned by the Danish Ministry of  Education . In Column 
2, two measures of  student performance are included: the GPA from the master’s 
program and the GPA from high school . Including personal characteristics in the 
wage equation, the wage gap across areas of  specialization narrows slightly, but the 
significant part of  the difference persists.

10    The percentage difference is equal to exp(0.200) - 1 = 22 percent, while the 0.20 refers to differences in log 
points. In the following, we refer to the estimated coefficients as percentage differences, although this is only 
approximately correct . 
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Table 3.  Wage regression with area of specialization dummies 

First job after graduation 
(Approximated by the second year in the labor market)

5 years after 
graduation

1 2 3 4

Specialization in T 0.142*** 0.127*** 0.127*** 0.115***
(0.02) (0.02) (0.02) (0.03)

Specialization in E 0.011 0.028 0.027 0.052*
(0.03) (0.03) (0.03) (0.03)

Specialization in M 0.200*** 0.184*** 0.183*** 0.174***
(0.02) (0.02) (0.02) (0.03)

Specialization in L 0.103*** 0.108*** 0.107*** 0.135***
(0.03) (0.03) (0.03) (0.03)

Grade point average 0.019*** 0.014** 0.014*** 0.016**
(0.01) (0.01) (0.01) (0.01)

Year dummies YES YES YES YES

Personal characteristics YES YES YES

Parental characteristics YES YES

N 3525 3525 3525 3165

R-squared 0.037 0.057 0.057 0.051

Note: OLS log-wage regression with robust standard errors in brackets. Personal characteristics: Female and child dummies and their cross-product, age 
at the start of the education, and the admission grade point average. Parental characteristics: Log-income of both parents, education dummy of both 
parents, and whether the father has had a management job. *** p <0.01, ** p <0.05, * p <0.1.

Source: Own calculations based on data from DTU and Statistics Denmark.

In Column 3, we include parental characteristics consisting of, among other things, 
parental education, which is controlled for by including a set of  indicators for each 
parent regarding both the length and type of  their education . Again, it is seen that 
a significant part of  the wage difference persists.

The coefficients change remarkably little after including additional background var-
iables. This is a finding established in other studies (e.g., Hamermesh and Donald, 
2008). This is also consistent with Arcidiacono (2004), who finds large differences in 
wages across types of  education even after controlling for proxies of  ability .
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In Column 4, the salary is measured 5 years after graduation . It appears that wage 
differences are very persistent, which is consistent with the trends presented in Fig-
ure 2 .

The results presented in Table 3 are estimated assuming that it is the area of  spe-
cialization only that is associated with starting salaries, limiting any effect of  the 
degree of  specialization . This assumption is relaxed in Table 4, where wage regres-
sions are presented for the first job, focusing on course choices measured by share 
of  ECTS credits within the 5 areas . Taking courses within M compared to S gives 
on average the largest salary gain . The results quantify that an individual who takes 
10 percent of  his ECTS credits in M and 90 percent in S earns on average 2 .71 per-
cent more in the first job. Approximately 50 percent of  individuals specialized with-
in S take courses in M, and individuals take up to 46 percent of  their credits within 
M. This implies that on average the yearly salary differences can be up to 12.5 per-
cent, equivalent to approximately DKK 44,000 for individuals within S . Similarly, 
an individual with one third of  his courses in each of  the three areas T, M and L 
has a starting salary that is 20 percent (=0.184/3+0.272/3+0.148/3) higher than 
that of  an individual fully specialized in S . If  an individual takes all courses within 
M, he will have an average initial salary that is 27 .2 percent higher - equivalent to 
DKK 96,000 – compared to someone who has taken all his credits within S . 
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Table 4.  Wage regression with credit shares independent of specialization

First job after graduation 
(Approximated by the second year in the labor market)

5 years after 
graduation

1 2 3 4

Share of ECTS credits in T 0.184*** 0.162*** 0.161*** 0.156***
(0.03) (0.03) (0.03) (0.04)

Share of ECTS credits in E 0.028 0.049 0.049 0.063
(0.03) (0.03) (0.03) (0.04)

Share of ECTS credits in M 0.272*** 0.248*** 0.247*** 0.236***
(0.03) (0.03) (0.03) (0.04)

Share of ECTS credits in L 0.148*** 0.153*** 0.152*** 0.215***
(0.04) (0.04) (0.03) (0.07)

Grade point average 0.019*** 0.014** 0.014** 0.015**
(0.01) (0.01) (0.01) (0.01)

Year dummies YES YES YES YES

Personal characteristics YES YES YES

Parental characteristics YES YES

N 3525 3525 3525 3165

R-squared 0.038 0.057 0.057 0.055

Note: See table 3 for comments.
Source: Own calculations based on data from DTU and Statistics Denmark.

The main insight of  Table 4 is that combinations of  courses across the 5 areas 
are associated with higher wages . As in Table 3, more background information is 
included in  when moving from Column 1 to 3. Again, the coefficients change re-
markably little after additional background variables are included, and wage differ-
entials between the specialization areas are very persistent .

To sum up, Table 3 showed that specializing in S, T, E, M and L are highly corre-
lated with starting salary gaps within the same graduate program, whereas Table 4 
shows how much ECTS credits within S, T, E, M and L impact starting salaries . 

An additional issue is whether credits within an area are associated with starting 
salaries independent of  the area of  specialization . This was assumed to be the case 
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in Table 4. In Table 5, this restriction is relaxed by allowing for salary differences 
from additional credits within specific areas to vary across the areas of  specializa-
tion. The coefficients of  Table 5 all belong to the same regression and are directly 
comparable to Table 4, Column 3. All coefficients are compared to the reference 
group (Science, S-share), where the first element refers to the area of  specialization 
and the second element refers to the share of  ECTS credits in Science . It is thereby 
assumed that the reference group consists of  individuals who have full specializa-
tion in Science, i .e ., have taken all ECTS credits in science . 

Column 1 shows the coefficients of  individuals specializing in S . It is seen that gains 
from taking credits within T, E, M and L are all positive; however, only the point 
estimate to credits in M is significantly different from zero. The magnitude of  this 
point estimate implies that an individual specialized in S who takes 10 percent of  
his credits in M earns on average 3.69 percent (=0.369 x 0.1) more compared to 
specializing fully in S .

Columns 2-5 show the coefficients of  individuals specializing in T, E, M and L, 
respectively. It is seen that all coefficients in the diagonal of  the matrix are posi-
tive and significantly different from zero. The coefficient for Technology (T-share) 
equals 0 .156, implying that full specialization in T results in a starting salary 15 .6 
percent higher than full specialization in Science . In a similar manner, individuals 
fully specialized in E have a starting wage that is 10 .4 percent higher than full spe-
cialization in S, individuals fully specialized in M have a starting wage that is 21 .3 
percent higher, and full specialization in L has a 21 .6 percent higher starting wage . 

In addition, two important findings are evident in Table 5 from inspection of  the 
results presented in the rows. First, the M-share enters positively and significantly in 
four out of  five areas of  specialization. The only exception is specialization in E . A 
high M-share implies higher wages, which – to a great extent – are independent of  
the area of  specialization . Coursework in M can, therefore, be interpreted as a gen-
eral-purpose skill. This finding is consistent with the finding in Arcidiacono (2004) in 
an analysis of  returns on majors . A similar result is found for management, to some 
extent . Second, S, T, and E are not correlated significantly off the diagonal, which 
implies that courses taken within these areas are not positively correlated with wag-
es unless they are within the area of  specialization . This suggests that S, T, and E 
can be interpreted as specific-purpose skills . 

A final comment on Table 5 is that point estimates for some areas are very high, e.g., 
the point estimate for M under L-specialization equals 0 .657 . We consider this to be 
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a consequence of  low course shares for the areas and an assumed linear relation-
ship between course shares and log-wages . 

Table 5. Wage regression with credit shares depending on area of specialization

Specialization

Science Technology Engineering Mathematics Management

S-share REF -0.161 0.117 -0.139 0.327
(0.12) (0.35) (0.28) (0.27)

T-share 0.134 0.156*** -0.288 0.300*** -0.400
(0.12) (0.03) (0.45) (0.09) (0.36)

E-share 0.098 0.015 0.104*** -0.113 0.084
(0.25) (0.13) (0.04) (0.24) (0.17)

M-share 0.369** 0.390*** -0.110 0.213*** 0.657**
(0.18) (0.11) (0.21) (0.03) (0.27)

L- share 0.118 0.328*** 0.086 0.618*** 0.216***
(0.24) (0.13) (0.15) (0.13) (0.04)

Note: See Table 3 for comments. The same control variables as in Column 3 of Tables 3 and 4 apply. The regression includes 24 point-share variables. 
The reference group is the share of points that students with a focus on Science have within Science. For students who focus on Science (Column 1), 
the rows show that only credits from the Mathematics area pay compared to having credits from the S area. Examining Row 1, the table shows that 
none of the students gains significantly from taking credits within the S area in any of the 4 other main areas. Row 2 shows what students gain from 
taking credits within the T area compared to the reference group (Science, S-share). Students focusing on Science do not gain anything. Students with 
the main area in Technology, however, earn a significant gain from taking more credits within T. This is also the case for students with the main area in 
Mathematics. 

Source: Own calculations based on data from DTU and Statistics Denmark.

4.3  Controlling for Relative Ability

The estimated effects in the previous section may be subject to omitted variable 
bias. The concern is related to the difference between individuals’ abilities, which 
might bias the estimates if  ability is related to the choice of  courses. For example, if  
individuals with above-average mathematical ability choose mathematics courses, 
and if  mathematics courses subsequently increase salary, it may be ability and not 
course choice that drives higher salaries . In that sense, the results presented are cor-
relations . In this subsection, additional control variables are included as a proxy for 
ability .
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Table 6 includes proxies for ability, which consist of  pre-tertiary educational choices 
and the initial choice of  a compulsory program at DTU as explanatory variables . 
The reason is that individuals reveal their relative abilities in previous educational 
choices . In high school in Denmark, students choose the level and combination 
of  courses in mathematics, physics and chemistry. For example, individuals may 
choose mathematics and physics at the highest level if  they have abilities for that 
combination . Alternatively, if  they have higher ability within chemistry relative to 
physics, they may well choose chemistry at a higher level than physics . Table 6 con-
trols for the combination of  courses in mathematics, physics and chemistry . 

Table 6. Wage regression with point shares and extra control variables 

First job after graduation 
(Approximated by the second year in the labor market)

1 2 3 4

T-share 0.161*** 0.139*** 0.151*** 0.138***
(0.03) (0.03) (0.03) (0.03)

E-share 0.049 0.038 0.032 0.026
(0.03) (0.04) (0.03) (0.04)

M-share 0.247*** 0.159*** 0.222*** 0.141***
(0.03) (0.03) (0.03) (0.04)

L-share 0.152*** 0.128*** 0.133*** 0.116***
(0.04) (0.04) (0.04) (0.04)

Grade point average 0.014*** 0.014** 0.013* 0.013**
(0.01) (0.01) (0.01) (0.01)

Compulsory course program YES YES

High school information YES YES

N 3525 3525 3287 3287

R-squared 0.057 0.060 0.056 0.058

Note: OLS log-wage regression with robust standard errors in brackets. The compulsory course program is described by 4 dummies, taking the value 
1 depending on whether one’s compulsory program was in the S, T, E, or M area. Course level in high school is described by the level combination for 
Mathematics, Physics and Chemistry. *** p <0.01, ** p <0.05, * p <0.1.

Source: Own calculations based on data from DTU and Statistics Denmark.
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Column 1 reproduces the basic regression from Table 4, Column 3 . Column 2 
includes the course level for mathematics, physics and chemistry from high school . 
The estimates obtained on the credit shares are unchanged . Column 3 includes an 
alternative approximation for relative ability: the choice of  courses from the first 
year of  study . Column 4 combines both sets of  controls . The qualitative results for 
the point shares are relatively robust to the additional control variables . However, 
the point estimate of  M decreases from approximately 0 .25 to 0 .14, suggesting that 
this area is more affected by ability selection.11

In the appendix, additional controls are included for a subsample . This table in-
cludes choices broader than the three main mathematical subjects . The results pre-
sented in the appendix are similar to those in Table 6 .

4.4  Controlling for Industry Composition of Jobs

Finally, we include industry dummies in the wage regressions. If  industry dummies 
are included to capture wage differentials across industries, two extreme outcomes 
are possible. The first extreme outcome is that the difference in point estimates 
disappears completely, i.e., wage differentials are fully explained by wage differ-
ences between industries . This outcome would indicate that the course choice is 
a matter of  obtaining the skills required for specific industries. The other extreme 
outcome is that the point estimates do not change at all when industry dummies are 
included . This outcome suggests that the composition of  courses is not related to 
industry-specific skills. Both extremes seem unlikely, and an outcome in between is 
expected . A similar argument can be made for occupations .

Using Eurostat indicators on high-tech industries and knowledge-intensive servic-
es, it is found that most engineering graduates in the sample are occupied in high 
knowledge-intensive firms.12 However, graduates specialized in management are 
slightly overrepresented in low technology manufacturing and knowledge non-in-
tensive services compared to graduates with other specializations . Moreover, spe-
cialization in science is overrepresented in high-technology manufacturing firms 

11    We have run an IV regression using average credit shares within specialization area, excluding the individual’s 
own shares in the graduation year as instruments for the individual’s credit shares . This instrument is inspired 
by Rose and Betts (2004). The IV estimation coefficients are expected to be different from OLS if  high-ability 
individuals generally choose different combinations of  courses. We do not present the results here because the 
point estimates are similar to those in Table 4 . This is consistent with results not being driven by unobserved 
variations in ability . 
12    http://ec .europa .eu/eurostat/cache/metadata/Annexes/htec_esms_an3 .pdf
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and other knowledge-intensive services (education) . Graduates are more often in 
knowledge-intensive market services if  they specialize in E and are more often in 
knowledge-intensive financial services if  specialized in M . These results are robust 
to control for variables such as age, GPA, gender, children, and parents’ character-
istics .

Table 7. Composition of first jobs across industries with level of technology and knowledge intensity

Overall S T E M L

Low technology 0.03 0.02 0.04 0.02 0.01 0.04

High, median high and median low technology 0.16 0.25 0.20 0.02 0.14 0.17

Knowledge non-Intensive service 0.11 0.07 0.12 0.14 0.10 0.15

Knowledge-intensive market services 0 .24 0 .09 0 .21 0 .55 0 .14 0 .27

High-tech knowledge-intensive services 0 .19 0 .14 0 .20
0 .04

0 .38
0 .15

Knowledge-intensive financial services 0 .01 0 .01 0 .01 0 .04

Other knowledge-intensive services (incl. education) 0 .26 0 .43 0 .22 0 .23 0 .20 0 .22

Note: Eurostat indicators on high-tech industries and knowledge-intensive services. 

Table 8 presents wage regressions including industry dummies with two alternative 
categorizations of  industries. The first follows the Danish Industry Classification 
(Column 2), and the second classification is the Eurostat classification discussed 
above (Column 3) .

The coefficients of  the credit shares decrease to approximately half  the size when 
industry dummies are included, i.e., graduates seem to acquire relevant qualifica-
tions necessary for specific industries. However, it should be emphasized that course 
choices continue to correlate with starting salaries. For example, graduates special-
izing 100 percent in M still earn on average approximately 15 percent more than 
graduates specializing fully in S . The smaller estimates in Columns 2 and 3 must 
not be understood to contradict the results in Column 1 . In contrast, the estimates 
of  Column 1 include the effect that is explained by industries and other aspects.
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Table 8. Wage regression with credit shares and industry dummies

First job after graduation 
(Approximated by the second year in the labor market)

1 2 3

T-share 0.161*** 0.085*** 0.094***
(0.03) (0.03) (0.03)

E-share 0.049 0.008 -0.012
(0.03) (0.04) (0.04)

M-share 0.247*** 0.156*** 0.181***
(0.03) (0.03) (0.03)

L-share 0.152*** 0.074* 0.068*
(0.04) (0.04) (0.04)

Grade point average 0.014** 0.022*** 0.021***
(0.01) (0.01) (0.01)

Industry dummies NO YES YES

N 3525 3525 3525

R-squared 0.057 0.120 0.112

Note: OLS log-wage regression with robust standard errors in brackets. Danish industry classification is used in Column 2, and Eurostat classification is 
used in Column 3. *** p <0.01, ** p <0.05, * p <0.1.

Source: Own calculations based on data from DTU and Statistics Denmark.
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5 Conclusion

This article uses a unique dataset from a specific master’s program for engineer-
ing graduates to infer the importance of  course choices on starting salaries. For 
simplicity, courses are divided into five areas: Science, Technology, Engineering, 
Mathematics and Management . The primary conclusion is that course choice is of  
statistical and economic importance for starting salaries, even when controlling for 
parental and personal characteristics, including proxies for ability . It is found that it 
is important to include curriculum choices when comparing educational outcomes, 
as this adds important explanatory information .

We find large differences across areas of  specialization within STEM. Compared 
to graduates specialized in Science (S), graduates specialized in Mathematics (M) 
have a starting wage that is 20 percent higher, graduates specialized in Technology 
(T) have a starting wage that is approximately 15 percent higher, and graduates 
specialized in Engineering (E) have a starting wage of  a similar magnitude . More-
over, large variations in wages exist within the four STEM areas, which can partly 
be explained by course choice. Specifically, courses in M are associated with higher 
wages in most areas of  specialization, which indicates that M is a general-purpose 
skill. This result echoes Arcidiacono (2004), which finds similar results for a study 
of  university education types . Contrary to this, S, T and E are to a higher extent 
specific-purpose skills, as courses in these fields are not associated with higher wages if  
completed outside the area of  specialization .

A limitation of  the study is that the estimated effects are not necessarily causal. It 
cannot be ruled out that the relationships are driven by individual ability, poten-
tially leading to biased estimates . We do include observable proxies for ability, such 
as high school GPA and course choice in high school, to control for ability; the 
established results are robust against the inclusion of  these proxies for ability . How-
ever, we may not have controlled sufficiently for ability, and in this sense, the results 
presented are correlations and not causations. In future research, we will try to find 
more and better instruments to establish causal results .
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7 Appendix

The following table shows that the results reported in section 4 .1 are robust to 
a broader set of  course combinations . The sample size is reduced to less than 
half, as data on course level in high school is only available from the school year 
1997/1998 and onwards in academic-track high schools in Denmark . 

Column 2 re-estimates the results in section 4 .2 for the high school subsample; the 
coefficients are very persistent. In Column 3, additional high school course level 
combinations are included . The results are robust to these additional combinations .  

Appendix Table 1. Wage regression with point shares and high school control variables (subsample) 

First job after graduation 
(Approximated by the second year in the labor market)

1 2 3

T-share 0.151*** 0.137*** 0.135***
(0.03) (0.04) (0.03)

E-share 0.032 0.066 0.057
(0.03) (0.04) (0.04)

M-share 0.222*** 0.196*** 0.195***
(0.03) (0.04) (0.04)

L-share 0.133*** 0.154*** 0.151***
(0.04) (0.05) (0.05)

Grade average 0.013* 0.004 0.001
(0.01) (0.01) (0.01)

Level combination (Math, Physics, Chemistry) (Math, Physics, Chemistry)
(Math, Physics, Chemistry, 
Biology, English, Second 

language)

Sample Full High School High School

N 3287 1609 1609

R-squared 0.056 0.102 0.092

Note: OLS log-wage regression with robust standard errors in brackets. The full sample estimation corresponds to Table 6, Column 3. Column 2 
re-estimates the regression in Column 1 for the subsample who went to a Danish academic-track high school. Column 3 adds extra course level 
combinations. *** p <0.01, ** p <0.05, * p <0.1.

Source: Own calculations based on data from DTU and Statistics Denmark.
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