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the likelihood of an individual switching to an occupation unrelated to one’s field of study. If higher education
serves mainly to provide specific skills, the model predicts more switching in a system requiring late
specialization since the cost of switching is lower in terms of foregone skills. Using the Universities Statistical
Record from 1972 to 1993 and the 1980 National Survey of Graduates and Diplomates, he finds that
individuals who specialize early, as in the case of England, are more likely to switch to an unrelated
occupation, implying that the benefits to increased match quality are sufficiently large to outweigh the greater
loss in skills from specializing early.
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DISCOVERING ONE’S TALENT: LEARNING
FROM ACADEMIC SPECIALIZATION

OFER MALAMUD*

The author examines an exogenous difference in the timing of academic 
specialization within the British system of higher education to test whether 
education yields information about one’s match quality in different fields of 
study. In distinguishing between systems requiring early and late specializa-
tion, he predicts the likelihood of an individual switching to an occupation 
unrelated to one’s field of study. If higher education serves mainly to provide 
specific skills, the model predicts more switching in a system requiring late 
specialization since the cost of switching is lower in terms of foregone skills. 
Using the Universities Statistical Record from 1972 to 1993 and the 1980 
National Survey of Graduates and Diplomates, he finds that individuals who 
specialize early, as in the case of England, are more likely to switch to an unre-
lated occupation, implying that the benefits to increased match quality are 
sufficiently large to outweigh the greater loss in skills from specializing early. 

With regard to instruction, economists have made substantial progress in specifying and 
identifying the economic value of higher education, as it increases the value productivity 
of human agents as workers . . . the much neglected activity is that of discovering talent. 
It, too, can be approached by treating it as a process which provides students with op-
portunities to discover whether they have the particular capabilities that are required for 
the type and level of education at which they are working. 

— Theodore W. Shultz (1968: 331) 

More than 40 years have passed since 
Theodore Shultz argued that higher 

education provides students with the oppor-
tunity to discover their talents, but relatively 
little research has actually explored this im-
portant aspect of higher education. In this 

paper, I use an exogenous difference in the 
timing of specialization across British sys-
tems of higher education to test whether 
education can provide valuable information 
about one’s talents. In one system, students 
are required to choose a field of study before 
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they apply to college. In the other, students 
must postpone the decision until later in 
their college careers. Such differences in the 
timing of academic specialization highlight 
the trade-off between accumulating skills in 
a particular field versus gathering additional 
information about alternative fields before 
selecting one in which to specialize. In this 
paper, I exploit these differences to examine 
the importance of higher education in help-
ing students to discover their talents and 
tastes for different fields of study.1

I introduce a simple model of academic 
specialization in which individuals, by taking 
courses in different fields of study, accumu-
late field-specific skills and receive noisy sig-
nals of match quality to these fields. Though 
later specialization provides students with 
more time to learn about match quality to 
different fields, it affords less time to acquire 
field-specific skills once they have chosen a 
field of specialization. If higher education 
serves mainly to provide specific skills, the 
model predicts that students in a system with 
late specialization will be more likely to 
switch to an occupation that is unrelated to 
their field of study. This is because the cost 
of switching in a late system is lower in terms 
of foregone skills. Conversely, if higher edu-
cation serves mainly to provide information 
about match quality, the incidence of switch-
ing to an unrelated occupation will be 
higher in a system requiring early specializa-
tion. This is because the benefit associated 
with the increase in expected match quality 
when switching in an early system will out-
weigh the greater loss of field-specific skills. 
Since its focus is on individuals’ decision to 
switch to an unrelated occupation, the 
model generates comparative static predic-
tions that account for individuals’ pecuniary 
and non-pecuniary considerations. 

In order to test whether education pro-
vides valuable information about one’s 
talent, I exploit an exogenous difference in 
the timing of specialization within the Brit-
ish system of undergraduate education. In 

1 In a related paper, Malamud (2010), I use a similar 
framework to explore the consequences of early and 
late specialization on wages and other labor market 
outcomes.

England, students apply to a specific field of 
study at a particular university while still at-
tending secondary school. Once admitted to 
study a certain field, they usually follow a 
narrow curriculum that focuses on the cho-
sen subject and allows for few courses in 
other fields.2 In contrast, Scottish students 
are typically admitted to a broad faculty or 
school rather than to a specific field. More-
over, they are generally required to study sev-
eral different fields during their first two 
years before specializing. Using university 
administrative data and survey data on col-
lege graduates, I compare the likelihood 
that Scottish versus English students will 
switch to an unrelated occupation later on 
in their careers. I account for non-random 
selection by instrumenting for English and 
Scottish degrees with region of prior resi-
dence, and I contrast the findings at the un-
dergraduate level with those at the graduate
level at which the timing of specialization be-
tween England and Scotland is similar. I 
focus on the comparison between England
and Scotland because, although their educa-
tional systems are separate and arguably ex-
ogenously different, their labor markets are 
relatively well integrated and their macro-
economic policies are determined by a com-
mon government. Furthermore, students in 
neighboring Wales serve as a useful “placebo 
test” because specialization there occurs at 
roughly the same time as it does in England.

The notion that individuals may discover 
their talents and learn about their match 
quality to different fields is a prominent fea-
ture in many models of job turnover.3 Rela-
tively few papers, however, have explicitly 
considered the role of education. Johnson 
(1978) postulated that education provides 
workers with information about their gen-
eral ability and concluded that education 

2 More recently, and outside the time period of the pres-
ent analysis, some English universities have introduced 
course structures that offer more breadth and greater 
flexibility. This might suggest a growing perception that 
specializing too early may have some drawbacks.
3 McCall (1990), Miller (1984), Neal (1999), Shaw 
(1987) and Jovanovic and Nyarko (1996) have extended 
the notion of job match quality presented by Jovanovic 
(1979) to the occupational level and presented some evi-
dence for learning about occupational match quality.



DISCOVERING ONE’S TALENT 377

may lower job mobility by reducing its role 
in acquiring information. Altonji (1993) in-
troduced a formal model in which individu-
als learn their preference between two fields 
of study by attending college. More recently, 
Stange (2009) built on Arcidiacono’s (2004) 
structural model of student learning to esti-
mate the option value of college enrollment 
in the presence of uncertainty and learning 
about academic ability. Stinebrickner and 
Stinebrickner (2009) documented the role 
of learning about ability on the college drop-
out decision. In still another paper, Wiswell 
(2008) introduced a model in which teacher 
licensing requires students to specialize in 
teaching earlier, reducing the accumulation 
of general skills that are useful for those who 
decide not to teach. Finally, Hvide (2003) 
extended Spence’s (1973) signaling model 
to allow for learning about overall ability and 
suggested that certain types of education, 
such as U.S. college degrees, may primarily 
provide information about ability, whereas 
others, such as U.K. college degrees, serve to 
augment productivity. I aim to contribute to 
this literature by embedding both skill acqui-
sition and learning within a model of aca-
demic specialization. Applying this model 
to the British system of higher education, I 
am able to derive and test a simple compara-
tive static prediction for the importance of 
learning about one’s talents through higher 
education.

A Simple Model of Academic 
Specialization

Suppose individuals take n courses in 
each of k fields of study prior to specializa-
tion. Each course in a given field provides 
field-specific skills and a noisy signal of 
match quality in that field. In specializing, 
individuals choose a field and take (N ! nk)
additional courses in this chosen field of 
study.4 After completing a total of N courses, 
individuals choose whether to work in an oc-

4 I assume that students are not constrained in choosing 
their field of study. In practice, there may be restrictions 
due to limited slots. Therefore, in the empirical analy-
sis, I consider a specification that restricts attention to 
students with top high school grades who are clearly

cupational field that is related to their cho-
sen field of study or to switch to an unrelated 
occupation. Upon entering the labor mar-
ket, match quality is revealed and individuals 
receive returns that are increasing in both 
match quality and field-specific skills. I de-
scribe this basic setup in greater detail below. 
Then, I proceed to compare the probability 
of switching between an early system in 
which individuals are required to specialize 
after nE courses in each field and a late sys-
tem in which individuals are required to spe-
cialize after nL courses in each field, where 
nE % nL. Analytical proofs are relegated to 
the Mathematical Appendix, which offers a 
more formal treatment of the model. 

Setup

Assume that individuals are risk-neutral 
and have identical prior distributions on 
match quality for each field. Prior to under-
taking schooling, however, match quality is 
unknown. Specifically, assume that match 
quality, θi, in each field i is a random draw 
from a normal distribution with the same 
mean and variance, so that θ µ σi N∼ ( , )2

0 .
Match quality is therefore uncorrelated 
across fields and can include any field- 
specific components of education that affect 
returns, such as innate ability or interest, 
that contribute to productivity or enjoyment 
of working in a specific field.5 In the empiri-
cal analysis, I attempt to control for indica-
tors of predictable match quality so that the 
remaining components of match quality are 
random. In fact, prior distributions may dif-
fer across fields. Allowing for different prior 
means is straightforward and would not alter 
any of the results from the model. Differ-
ences in prior variances would introduce op-
tion value considerations similar to ones 
considered by Johnson (1978) and Miller
(1984), so I abstract from them to keep the 
model parsimonious. In the “extensions” 

free to choose their fields, unconstrained by admissions 
requirements and the availability of slots.
5 More generally, match quality can include imperfect 
information about the rewards to certain fields in the 
labor market or uncertainty regarding the likelihood of 
completing a field of study in university.
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section, I discuss extending the model to 
allow for different prior variances and risk 
aversion.

By taking courses in a given field, individ-
uals will accumulate field-specific skills and 
receive noisy signals of their match quality to 
that field. For simplicity, assume that the 
quantity of skills accumulated in a field, si, is 
equivalent to the number of courses spent 
studying in that field. Each course of study 
j in field i also provides a signal of match 
quality in that field: xij " θi # εij where 
εij ∼ N(0, σ2) and j " 1, . . . ,n. Noise in the 
signal may be due to any number of idiosyn-
cratic factors, such as the quality of instruc-
tion or the particular circumstances of the 
student at the time. I assume that skills are 
perfectly specific to a particular field, but I 
will discuss the possibility of spillovers across 
fields below. 

The overall returns to field i upon enter-
ing the labor market is an increasing func-
tion of both match quality and skills: ui "
u(θi, si) with (∂υ/∂θ) > 0 and (∂u /∂s) > 0. Con-
sequently, match quality is revealed upon en-
tering the labor market. For simplicity, I 
assume that returns are a linear function of 
match quality and skills: u(θi, si) " αθi, βsi. I 
take (α/β) as an indication of the return to 
match quality relative to the return to spe-
cific skills. There may be additional random 
shocks that cannot be learned about in ad-
vance. Furthermore, returns may differ 
across different fields. In the empirical anal-
ysis, I compare outcomes for individuals con-
trolling for field of study so that mean 
differences across fields can be ignored. 

Choice of Field at Specialization

The posterior distribution of match qual-
ity after studying n courses in field i is a nor-
mal distribution with mean µi

´  and variance 
σ′.6 Further, the quantity of skills in each 
field at the point of specialization is s′ " n. In 
specializing, therefore, risk neutral individu-

6 The posterior mean is a weighted average of the prior 
mean and the mean of the signals: ′ ( )µ µσ σi inx" #! !

0
2 2 /

( )σ0
2 2! !+ n  where x xi ij

j" !n 1∑ . The posterior variance is 
′ +( )σ σ σ" ! ! !

0
2 2 2n . See DeGroot (1970) for a detailed 

explanation.

als with identical prior distributions across 
fields will choose the field of study with the 
highest expected returns: 

choose i E u s x
i k

i i ij
jarg max ,*

,...

.
" '

"1

1θ( ) { } = ...

,...
arg max

n

i k
i s

 { }
′ ′{ }" #

"1
αµ β

Since the quantity of specific skills in each 
field is identical, individuals simply choose 
the field with the highest posterior mean of 
match quality, i i k i

*
,...arg max" "1 { }′µ .7 Thus, 

the posterior mean of match quality in the 
chosen field at the time of specialization will 
be ′µi*

8

Decision on Whether to Switch

Following specialization, individuals take 
(N ! nk) additional courses in the chosen 
field. Hence, the quantity of skills in the cho-
sen field prior to entering the labor market 
is s  ′′ " n # (N ! nk). Individuals will also re-
ceive additional signals in the chosen field, 
i*. Define these signals as yi*l " θi* # εi*l,
where l " nk, . . . ,N. Consequently, the pos-
terior distribution of match quality in the 
chosen field after (N ! nk) additional signals 
will be a normal distribution with mean ′′µi*

and variance σ′′.9 Now, given the opportunity 
to switch to another field prior to entering 
the labor market, individuals will compare 
expected returns in the chosen field with ex-
pected returns in the next best field:

field switch E u s xi i ij
j N

i

⇔ ( ) { } 
<

θ ,

max

...
|

"1

((

"

i i i ij
j N

i

E u s x
*

*

,
...θ

αµ β

( ) { } { }
⇔ ′′ + ′′

|
1

ss s
i i i% #
(

max .
*

*αµ β′′ ′{ }

7 Strictly speaking, expected future utility should in-
clude expected skills rather than the quantity of skills at 
the point of specialization. But since expected match 
quality and skills are separable and individuals are risk-
neutral, this will lead to the same choice at the point of 
specialization.
8 Specifically, ′ +( ) ( )− −µ µσ σ σ σi i in x n* max /" #! !2 2

0
22 .

9 So that ′′ ( )µ µσ σ σi i i in x N nk y* *max ( ) /" # # !! ! !
0

2 2 2

σ σ σ σ0
2 2! ! ! !# # !n N nk2 2( )( ) where x n x yi ij i

j" "!1 ,∑
n NK yi l

j
!

!( ) ∑1
* and ′′ ( )σ σ σ σ" # # !! ! ! !

0
2 2 1n N nk( ) 2

.
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Individuals will switch if the posterior 
mean of match quality in the chosen field 
falls sufficiently far below the posterior mean 
of another field to outweigh the loss in spe-
cific skills from switching. Note that, if indi-
viduals do decide to switch, they will always 
choose the field with the second-highest pos-
terior mean since all fields other than the 
one chosen are associated with the same 
quantity of specific skills and posterior vari-
ance. The decision about whether to switch 
can therefore be framed as a comparison be-
tween the first best field, i*, and the field that 
was second best at the time of specialization, 
i a. The field selected after the second stage 
will be denoted i ** where i **∈ {i *, ia}.

Probability of Field Switching

Now consider the likelihood of an indi-
vidual switching to an alternative field prior 
to entering the labor market. Recall that in-
dividuals in an early system are required to 
specialize after nE courses in each field 
whereas individuals in a late system are re-
quired to specialize after nL courses in each 
field, where nE % nL. Posterior distributions 
at the time of specialization will be more dif-
fuse for individuals in the early system. 
Moreover, these individuals will receive 
more signals in the chosen field after special-
izing than their counterparts in the late sys-
tem. Thus, in the early system, assessments 
of perceived match quality in the chosen 
field will experience relatively greater updat-
ing and make individuals more likely to con-
clude that they made a mistake when they 
initially inferred which field had the highest 
match quality.10 However, in switching, indi-
viduals will lose the additional skills acquired 
in the chosen field of study through special-

10 Specifically, the posterior distribution is more likely 
to shift in response to the additional information re-
ceived in the early regime. Hence, the mean of the pos-
terior distribution of the chosen field is also more likely 
to move below the posterior mean of the second best 
field at specialization and indicate a perceived mistake. 
This is particularly intuitive in the case in which indi-
viduals specialize immediately prior to entering the 
labor market. In this case, the probability of perceiving 
a mistake will be zero since no additional information is 
received following specialization.

ization. Individuals will therefore switch only 
if the posterior mean of the first-best field 
falls sufficiently below that of the second 
best field to outweigh the loss in specific 
skills. Since the loss in specific skills is always 
greater in the early system, whether switch-
ing is higher in the early or late system will 
depend on the relative return of match qual-
ity. This intuition is expressed more formally 
in the following proposition:

Proposition 1: A system with early special-
ization, nE, will have a higher rate of field 
switching than a system with late specializa-
tion, nL, if and only if the return to match 
quality is sufficiently higher than the return 
to specific skills:

P switch P switchE L( ) ( )& & &⇔ α
β

C 0.

Figure 1 plots the probability of switching 
for an early and a late system over the full 
range of relative returns to match quality, 
which are normalized by taking β " (1 ! α)
so that (α/β) goes from 0 to ∞ as α goes from 
0 to 1.11 Since the model abstracts from other 
reasons for switching fields, no switching oc-
curs in either system if the return to match 
quality is sufficiently low. However, by intro-
ducing an additional stochastic element to 
the model, such as u(θi, si) " αθi " βsi # εi
where εi ∼ N(0, τ2), switching can take place 
even if the return to match quality is zero. 
Allowing for these additional random 
shocks, I derive the following corollary: 

Corollary 1: If there is no return to match 
quality (α " 0) or courses do not provide in-
formation about match quality (σ2 " ∞),
then a system with early specialization, nE, will 
have a lower rate of switching than a system 
with late specialization, nL.

Note the distinction between the return 
to match quality, α/β, and the quality of in-
formation on match quality provided by un-
dergraduate courses, σ2. Observing a higher 

11 All simulations are based on 5,000 repetitions for 
k "2, N " 21, µ1 " µ2 " 0 σ2 "100 and σ0

2 25= . Early
regimes are characterized by nE " 2; late regimes are 
characterized by nl " 6. Expected returns are deter-
mined according to E u E si i i( ) ( ˆ )= +αθ β  where 
ˆ /( ))s s N ki" ) #( µ are normalized skills.
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rate of field switching in an early system 
rather than in a late system would imply that 
education provides valuable information on 
match quality and that match quality has a 
large impact on the returns to education. 

Focusing on the probability of switching 
to an unrelated occupation may appear to be 
an indirect way of testing whether education 
provides information about match quality. 
Indeed, according to this model, the trade-
off between learning about match quality 
and accumulating specific skills is central to 
optimal timing of specialization in higher 
education. With later specialization, stu-
dents have more time to learn about match 
quality in each field but less time to acquire 
specific skills once a field is chosen. Figure 2 
simulates expected returns for an early and a 
late system over the full range of relative re-
turns to match quality. Clearly, observing 
higher overall returns in the late system 
would also serve to indicate that the relative 
return to match quality is high. However, it is 
very difficult to obtain empirical measures 
that capture all of the returns to occupa-
tional choice. Since the decision to switch to 
an unrelated occupational field encompasses 
non-pecuniary considerations as well as pe-
cuniary ones, there is a significant advantage 
in focusing on the likelihood of switching.12

12 This is especially important in light of Arcidiacono’s 
(2004) finding that most sorting across majors is due to 

Extensions

Throughout I have assumed that individ-
uals are risk-neutral. Introducing risk aver-
sion does not alter the decision at the point 
of specialization because the variances of 
the posterior distributions across fields are 
identical; individuals would continue to 
choose the field with the highest posterior 
mean. In considering a switch, however, the 
presence of risk aversion would make the 
relative variances of the posterior distribu-
tions relevant. Specifically, switches would 
be less common because, even in instances 
where the chosen field has a lower posterior 
mean than another field, its lower variance 
could be sufficiently valuable to risk-averse 
individuals so as to prevent switching. More-
over, this effect is stronger in the early system 
since the trade-off between the posterior 
variances at the time of specialization and 
the posterior variance of the chosen field 
after the receipt of additional signals is more 
extreme. Field switching would therefore de-
cline more in the early system than in the 
late system due to the presence of risk aver-
sion. This would lead to a bias towards the 
conclusion that the accumulation of specific 
skills is more important than learning about 
match quality. 

different preferences rather than differential monetary 
returns to ability.
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The assumption that prior distributions 
on match quality are identical across fields 
implies that individuals do not need to con-
sider the possibility of later switching when 
making their initial choice of field at the 
point of specialization. Allowing for prior 
variances on match quality to vary by field in-
troduces option value considerations. These 
would push individuals to specialize in risk-
ier fields because they could switch in the 
case of a bad realization. Moreover, fields 
with a larger prior variance would have 
greater option value in the early system than 
in the late system. With more signals follow-
ing specialization, greater updating in the 
early system generates a higher probability 
that the ultimate posterior mean will surpass 
that of the chosen field. Hence, individuals 
in the early system would be more likely to 
choose a field with a lower posterior mean at 
the point of specialization because of the 
greater option value. Since, on average, such 
fields have lower expected match quality 
than those with the highest posterior mean, 
we should expect more switching in the 
early system due to option value consider-
ations. This would lead to a bias towards the 
conclusion that learning about match qual-

ity is more important than gaining specific 
skills.13

As it stands, the model contains no truly 
general skills. A person has general skills 
only in the sense of having greater levels of 
specific skills in a variety of alternative fields, 
and this affects returns only when switching 
into one of these fields. Nevertheless, it 
would be relatively simple to incorporate 
general skills by including some measure 
of average skill in the fields not chosen 

for specialization: s
J

s j

j j

=
≠

∑1
.

*

Allowing for

such general skills would serve to provide 
further benefits to later specialization. More
generally, we could consider the possibility 
of spillovers in skills across fields. This would 
serve to reduce the trade-off between skills 
and match quality because additional learn-
ing about match quality would be less costly 

13 However, this effect is likely to be small because all 
fields are sampled prior to specialization and the option 
value needs to be greater than the difference in the pos-
terior means of match quality between the relevant fields. 
Furthermore, risk aversion would counteract the benefits 
of having high variance in the posterior distributions.
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Notes: All simulations are based on 5000 repetitions for k " 2, N " 21, µ " 0,
σ0 " 25, and σ " 100. Early regimes are characterized by nE " 2; late regimes 
are characterized by nL " 6.  The relative returns to match quality are normal-
ized by taking β " (1!α) so that (α/β) goes from 0 to ∞ as α goes from 0 to 1. 
Expected returns are determined according to E(uj) " E(αθi # βsi) where 
si " [si/(N/k)] # µ are normalized skills.
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in terms of forgone skill acquisition. Finally, 
if there is an additional benefit to match 
quality accrued while taking courses because 
people enjoy courses to which they are well 
matched, this would serve to heighten the 
trade-off between skills and match quality. 

Background: Higher Education
in Britain

The British system of higher education 
provides a particularly appropriate setting in 
which to examine the predictions of the 
model. Undergraduate education in 
 England and Scotland, though similar in 
aim and overall structure, varies widely 
in the timing of academic specialization. In 
England, students apply to a specific field of 
study at a particular university.14 Once admit-
ted to a specific field, English students usu-
ally follow a narrow curriculum that focuses 
on the main field and allows for little expo-
sure to other fields.15 Indeed, most universi-
ties in England require students who change 
fields of study to start university anew 
(though some do allow for limited changes). 
In contrast, Scottish students are typically 
admitted to a broad faculty or school rather 
than a department; in some universities, ad-
mission is to the university at large.16 Fur-
thermore, they are required to study several 
different fields during their first two years. 
As an undergraduate prospectus for the 
 University of Edinburgh explains:
You would normally take courses in three or more 
subjects in the first year and, commonly, these are 
followed by second courses in at least two of the 

14 There are exceptions. For example, students at 
Cambridge University are accepted to a broad engi-
neering faculty, and students at Keele University are 
first accepted to a year of “foundation studies.” 
15 Again, there are exceptions. Cambridge’s system of 
Tripos allows some flexibility in making changes to 
courses of study, and the newer universities of Essex,
Kent, and Lancaster allow students to study a broader 
range of subjects. In recent years, even more English
universities have introduced course structures that offer 
more breadth and greater flexibility.
16 For example, faculties at the University of Glasgow 
include Arts, Biomedical and Life Sciences, Education,
Engineering, Information and Mathematical Sciences, 
Law, Business and Social Sciences, Medicine, and Physi-
cal Sciences.

subjects in your second year. This will then give 
you a choice from two, or even three, subjects to 
pursue to degree level, and you can delay this de-
cision until quite a late stage . . . In choosing 
courses to be taken in the first two years, you can 
select from a very wide range of courses offered 
across several faculties.

Similar course structures exist in most 
Scottish universities. They allow for substan-
tial choice among fields of study within fac-
ulties, and, to some degree, across faculties 
as well.17 Moreover, students in Scotland are 
required to take a broader range of courses 
and choose a field of study much later than 
their English counterparts.18 The Handbook
for Students and their Advisors for the years 
1980–82 (Briggs 1980: 17–18) explains that 
“the standard English degree, whether in sci-
ence, humanities or social sciences, is a sin-
gle subject honours degree” whereas 
“universities in Scotland had traditionally of-
fered a wide range of subject options with 
multi-subject examinations at the end of the 
first year.” This information is also supported 
by empirical evidence, provided in later sec-
tions, indicating that the proportion of in-
dividuals who change their field of study 
between admission and graduation in 
Scottish universities is substantially higher 
than in English universities. Given these dif-
ferences, it is quite natural to regard the 
English system of higher education as an 
early system and the Scottish system of 
higher education as a late system. 

There is variation in the average length of 
the undergraduate degree between England
and Scotland. Although there is some het-
erogeneity among degrees within each na-
tion, most English degrees are completed 
within three years whereas most Scottish de-
grees are completed within four years. How-

17 Note that changing fields is not always possible. Certain 
professional faculties, such as medicine and law, are 
more insular. Engineering is usually a separate faculty but 
changes from the physical sciences are often permitted.
18 Numerous scholars of British educational systems 
have noted that Scottish institutions allow for later spe-
cialization than English ones. See Evans (1976), Hunter 
(1971), Osborne (1967), and Squires (1987). Personal 
conversations and correspondences with university ad-
ministrators in England and Scotland confirm these 
observations.
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ever, many Scottish students enter university 
after 6 years of secondary schooling rather 
than the seven years customary in England.
According to this calculation, English and 
Scottish students who attain a BA degree re-
ceive roughly the same number of years of 
schooling (and this is confirmed in the data 
by examining the age of graduation). The 
first year of university in Scotland may be 
said to correspond to the final year of sec-
ondary school in England. But even so, 
since English students apply to university 
in the beginning of their final year of sec-
ondary school whereas Scottish students 
make their final choice of field only at the 
end of their second year of university, there 
is substantial difference in the timing of 
specialization.

The difference between English and 
Scottish universities arose from their respec-
tive historical traditions. English universities 
were largely independent and free to set 
their curriculum and course structures. 
Long into the nineteenth century, Oxford
and Cambridge maintained their focus on 
the traditional subjects (classics, Aristotelian
philosophy, and mathematics) with less em-
phasis on modern subjects, such as natural 
science (Evans 1975). The provincial civic 
universities established later in urban cen-
ters did not substantially depart from the tra-
ditions of the “ancient” universities. Even
with the introduction of broad faculties 
and additional courses of study, admissions 
remained at the departmental level.19 Con-
versely, Scottish universities became regu-
lated under the Universities (Scotland) Act
of 1858 that set up an executive commission 
to draw up uniform conditions for courses of 
study. The Universities (Scotland) Act of 
1889 further increased the choice of sub-
jects available in Scottish universities, re-
flecting the “traditional Scottish preference 
for a broad general education” (Hunter 
1971: 237). In large part, these two Acts of 
Scottish Parliament determined the distinc-
tive characteristics of universities in Scotland, 

19 The main exceptions arise in the (Plate Glass) univer-
sities established during the 1960s such as the  University
of Keele, which implemented an experimental modular 
curriculum.

including the emphasis on late academic 
specialization.

In addition to differences in higher edu-
cation, England and Scotland also differ in 
their system of secondary school education. 
In England, students need General Certifi-
cate of Education (GCE) Advanced-level ex-
aminations (A-levels) in 2 or three subjects 
to gain acceptance into university. In 1989, a 
new exam, the Advanced Supplementary ex-
amination (AS-level) was introduced to 
broaden the curriculum; it was to be the 
same standard as an A-level, but half the con-
tent. Students were encouraged to substitute 
two AS-levels for one of their A-levels, but 
most universities did not regard these exami-
nations as commensurate alternatives and it 
did little to change the character of English
secondary school education. Alternatively, in 
Scotland, students need Scottish Certificate 
of Education (SCE) Higher Examinations in 
five or six subjects to gain acceptance into 
university. More recently, Advanced Highers 
and Higher Still certifications have been in-
troduced to provide the opportunity for fur-
ther specialization in secondary school. 
However, universities continue to use High-
ers as the primary basis for admission and 
there is little doubt that the Scottish system 
of secondary education provides a broader 
curriculum than the English one. Again, the 
reasons for these differences in secondary 
school curriculum can be traced to historical 
antecedents. In effect, specialization trickled 
down from the universities to secondary 
schools. Moreover, the early influence of 
English universities on secondary school 
leaving exams was far stronger than that of 
Scottish universities since Scottish secondary 
school leaving certificates had to be approved 
by the Scottish Education Department. 

The difference in the timing of specializa-
tion between the English and Scottish sys-
tems of undergraduate education does not 
arise at the graduate level. Graduate degrees 
in both England and Scotland require ad-
mission to a specific field of study. Hence, 
after accounting for any initial differences 
due to undergraduate specialization, I com-
pare between England and Scotland at the 
graduate level as a “placebo test”. The dis-
cussion above has focused on England and 
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Scotland, but Britain also includes Wales, 
which has a distinct system of higher educa-
tion. In contrast to Scotland, however, un-
dergraduate students in Wales apply to a 
specific course of study in similar fashion as 
in England. Hence, though I exclude Wales 
from the main empirical analysis, I examine 
differences between England and Wales at 
the undergraduate level as another useful 
“placebo test.” 

Data and Empirical Strategy

Data

Data for the empirical analysis come from 
two sources: the Universities Statistical Rec-
ord (USR) and the 1980 National Survey of 
Graduates and Diplomates (NSGD). The 
USR consists of administrative data on all 
students in British universities undertaking 
courses of one academic year or longer be-
tween 1972–1993: almost 1.9 million under-
graduates and more than 1 million graduate 
students.20 For the most part, I focus on stu-
dents who completed their degree in 1980 to 
correspond with the data from the NSGD. 
These administrative data include detailed 
background information on demographic 
characteristics and entry qualifications in ad-
dition to information related to the degree 
attained. This is supplemented by informa-
tion on the occupation, industry, and loca-
tion of the job held in the first year following 
graduation. The NSGD contains informa-
tion obtained from a national postal survey 
of some 8,000 graduates undertaken in 
1986–87 by the British Department of Em-
ployment. It includes a random sample of 
one in six university graduates in 1980.21 The 
NSGD contains information about their 

20 Excluded are students enrolled in the Open Univer-
sity, Cranfield University, the independent University of 
Buckingham, and the former polytechnics and central 
institutions, which obtained university status from 1992 
onwards.
21 The NSGD also includes one in four graduates from 
other institutions (polytechnics, colleges of education), 
but I exclude them from the present analysis. Engineer-
ing students in Scottish universities are oversampled in 
the NSGD. Consequently, it is particularly important to 
control for fields of study with the NSGD sample.

1980 qualification, their subsequent labor 
market experience (occupation, industry, 
and wages for first and current jobs), and 
further educational pursuits. There is also 
information about their high school exami-
nation results. Although it is not possible to 
identify specific universities in the NSGD, 
there is information on whether students 
took English or Scottish secondary school 
leaving exams. 

Neither dataset is representative of the 
overall population. Therefore, we might be 
concerned that the English and Scottish 
samples of university graduates may not be 
comparable because of differing participa-
tion rates. Using two nationally representa-
tive datasets that include all individuals born 
in Great Britain during one week in 1958 
and 1970 (the National Child Development 
Study and British Cohort Study respectively), 
I calculated the percentage of individuals 
who attained a first degree from university 
by age 26. In both of these datasets, partici-
pation rates in university are remarkably 
similar between England and Scotland: 8% 
of the 1958 cohort and 12% of the 1970 co-
hort.22 For the sample of students used in 
the regression analysis, almost all success-
fully complete their degree. This is because 
NSGD data was only collected for degree re-
cipients and USR data on occupation is miss-
ing for most students who drop-out. Based
on the full USR sample of university leavers 
in 1980, the fraction of students who drop 
out of university is 15.6%. There are differ-
ences across nations, with 14.6% of students 
dropping out in England and 19.5% of stu-
dents dropping out in Scotland. I account 
for the bias introduced by differential drop-
out rates in a robustness check described 
below. 

Table 1 indicates that the average charac-
teristics of those attending English and 
Scottish universities are quite similar in both 
the USR and NSGD. Summary statistics are 
shown for the sample of students used in the 
regression analysis. There is a slightly larger 

22 The oft-mentioned higher participation rate in 
Scotland usually includes students enrolled in non-
university higher education institutions, such as poly-
technics and colleges of education.
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percentage of women and married students 
in Scottish universities. The average age 
upon completion of the first degree is al-
most equivalent in England and Scotland 
but the average duration of the degree is 
somewhat longer in Scotland. Further, al-
though the average age that students begin 
university is slightly lower in Scotland, the 
median age of students during their first 
year in university is 19 for both England and 

Scotland (not shown). The raw high school 
grade point average (GPA) scores shown in 
Table 1 are converted from letter grades in 
the A-level and Scottish Higher school leav-
ing examinations. In the regression analysis, 
these scores are normalized within each na-
tion so that coefficients represent the effect 
of a one standard deviation increase in GPA.
As expected, there are striking differences in 
the likelihood that students change their 

Table 1. Summary Statistics for 1980 College Graduates

England Scotland

Mean SD Obs Mean SD Obs

Panel A: USR

Individual characteristics
Female 0.38 0.48 10,455 0.43 0.50 3,427
Married (during degree) 0.03 0.18 10,455 0.05 0.21 3,427
Average age (upon completion) 22.39 2.40 10,455 22.57 2.78 3,427
High School GPA (out of 30) 20.92 6.39 10,455 19.91 6.06 3,427
Number of high school subjects 3.22 0.71 10,455 4.78 1.27 3,427

Degree characteristics
Duration 3.33 0.73 10,455 3.97 0.75 3,427
Changed major 0.07 0.25 10,455 0.18 0.39 3,427

Occupation-field switching
Very broad classification 0.39 0.49 10,455 0.35 0.48 3,427
Broad classification 0.49 0.50 10,455 0.42 0.49 3,427
Narrow classification 0.68 0.47 10,455 0.63 0.48 3,427

Panel A: NSGD

Individual characteristics
Female 0.34 0.47 1,242 0.31 0.47 213
Married (6 years after degree) 0.53 0.50 1,242 0.59 0.49 213
Average age (upon completion) 22.01 1.51 1,242 22.26 2.40 213
High School GPA (out of 30) 19.71 5.84 1,242 18.25 5.77 213
Number of high school subjects 3.18 0.69 1,242 5.15 1.04 213

Occupation-field switching
Very broad classification 0.44 0.50 1,242 0.29 0.45 213
Broad classification 0.50 0.50 1,242 0.34 0.48 213
Narrow classification 0.63 0.48 1,242 0.51 0.50 213

Notes: The base sample for the Universities Statistical Records (USR) includes all individuals who aimed to attain a BA
degree in 1980 and were employed in a job during the 1st year following graduation and not pursuing graduate stud-
ies. The base sample for the 1980 National Survey of Graduates and Diplomates (NSGD) includes all individuals who 
attained a BA degree in 1980 and were employed in a job during the 1st year following graduation and not pursuing 
graduate studies. Median age at the start of the degree is 19 for both nations. GPA is an average measure of the 
achievement in secondary school leaving exams out of 30 (but standardized by nation in all regressions). Honors is a 
measure of success at university standardized across nations taking discrete values from 0 (no honors) to 4 (highest 
honors). Occupation-field switch is defined as 1 if field of study at the undergraduate level is different from the oc-
cupational field of first job 6 months following degree and 0 otherwise (see Data Appendix for further discussion of 
classification groups).
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major field of study in university.23 If I ex-
clude the handful of English universities 
that allow for changes in major fields, the 
fraction of English students who change 
major drops to less than 4%. 

The model introduces an important dis-
tinction between individuals who enter an 
occupation that is related to their field of 
study and those who switch to an unrelated 
occupation. I construct a variable, SWITCH,
that captures such field switching by group-
ing fields of study and occupations into cat-
egories; I refer to it as an occupation-field 
switch. As Appendix Table 1 shows, I allow 
for three levels of classification: narrow (42 
categories), broad (12 categories), and very 
broad (6 categories). Individuals are said to 
switch to an unrelated occupation when the 
field of study of their degree and their 
occupational field are in different categories, 
subject to the level of classification. There-
fore, SWITCH is coded as 1 if the occupa-
tional field is different from the field of 
study at university, and 0 otherwise. Broader
classifications indicate lower rates of switch-
ing since only drastic changes from fields of 
study to occupational fields will register. But
the rate of occupation-field switching is sub-
stantially lower in Scotland than in England
according to all classifications. For example, 
in terms of the broad classification, the rate 
of switching in Scotland is 10 to 20 percent-
age points lower than the rate of switching in 
England. Most of the empirical analysis will 
focus on the broad classification of fields.24

Table 2 indicates that the composition of 
broad fields of study across the two nations is 
not too dissimilar. Nevertheless, relatively 
more students in Scotland study life sci-
ences, health sciences, and business and rel-
atively fewer study mathematical and social 
sciences. The composition of occupations 
across the two nations is also largely compa-

23 In Scotland, students are coded according to a broad 
code associated with a faculty or school or on the basis 
of a provisional field of study, which changes when they 
select a specific field. See the Data Appendix for more 
details.
24 These include Math/Computer Sciences, Physical Sci-
ences, Architecture, Engineering, Biological Sciences, 
Health, Social Services, Social Sciences, Business, Law, 
Education, and Arts.

rable. As expected, the majority of students 
in both England and Scotland enter employ-
ment in the United Kingdom. The lower rate 
of unemployment among Scottish individu-
als is a consequence of the over sampling of 
engineering graduates who are less likely to 
be unemployed than others. Note that some 
individuals do work concurrently while pur-
suing further study in the United Kingdom. 
Finally, results from the IEA Third Interna-
tional Mathematics and Science Study 
(TIMSS) in 1994–95 indicate no significant 
differences between England and Scotland 
in the mathematics achievement for stu-
dents in the fourth and eighth grades.25

Using data from the USR, Figure 3 plots 
the rates of occupation-field switching, un-
employment, and the continuation of fur-
ther studies following graduation from 
1973–1993 as well as the proportion of stu-
dents who change a major field of study 
while in university. The raw differential in 
switching between England and Scotland is 
persistent over time. Conversely, the rates 
of unemployment and further study are sim-
ilar across England and Scotland for most 
years. It is worth noting that the recessions 
in the early 1980s and early 1990s appear to 
be associated with an increase in the rate of 
occupation-field switching. 

Empirical Strategy

The base sample includes all individuals 
aiming to attain a BA degree in 1980 and 
employed full-time in the first year follow-
ing completion of their qualification. I ex-
clude individuals pursuing graduate studies 
while working because this may select for 
weaker students who need to work while pur-
suing higher degrees. Using the USR, I verify 
that the main results hold for other years as 
well. Using the NSGD, I check whether the 
main results continue to hold 6 years after 
entry into the labor market. Furthermore,
I explore a variety of alternative sampling 

25 There are, however, some differences in the science 
achievement scores. English students in the eighth 
grade do somewhat better than their Scottish counter-
parts, but there is no significant difference for fourth 
graders.
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Table 2. Further Summary Statistics on Degrees and Destinations for 1980 College Graduates

USR NSGD

England Scotland England Scotland

Degree Field Composition (%)
 Math and Computer Sciences 6.44 4.20 7.57 3.76

Physical Sciences 9.52 9.22 14.65 7.51
 Architecture 1.56 1.31 1.77 2.35
 Engineering 11.41 8.70 21.18 30.05
 Life Sciences 5.96 7.56 6.76 7.98

Health Sciences 16.15 19.67 4.27 5.16
Social Services and Welfare 2.94 3.68 2.98 1.88
Social Sciences 16.06 16.72 18.92 15.49

 Business/Accounting 3.59 5.52 4.43 6.10
 Law 8.13 6.45 1.29 9.86
 Education 1.23 1.28 3.14 4.23
 Art 17.03 15.70 13.04 5.63

Occupational Field Composition (%)
 Math and Computer Scientists 5.23 4.64 11.19 6.10

Physical Scientists 6.74 6.36 6.04 4.23
 Architects/Planners 1.43 1.69 2.74 3.29
 Engineers 10.13 7.76 21.42 30.52
 Life Scientists 0.39 0.50 2.17 3.76
 Medical Professionals 16.56 20.51 5.56 4.69

Social Services Professionals 1.71 2.63 3.22 2.35
Social Scientists 2.09 2.92 1.85 2.82

 Accountants/Managers 27.69 29.00 34.78 24.88
 Lawyers/Judges 7.55 6.07 0.24 7.51
 Educators/Teachers 17.24 15.76 7.89 7.98
 Artists/Journalists/Entertainers 3.24 2.16 2.90 1.88

Post-BA Activity (%)ª
 Entering employment 76.74 79.28 61.86 64.13
 Further Study 11.64 10.11 27.65 29.00
 Unemployed 11.63 10.61 10.48 6.88

Region of Work (%)
 England 87.17 32.59 87.36 25.35

Scotland 1.15 61.04 1.77 70.89
Wales 1.90 1.02 3.38 0.47
Northern Ireland 0.37 0.50 0.32 0.00

 Abroad 9.40 4.84 7.17 3.29

Region of Prior Residence (%)
 England 91.91 15.61

Scotland 0.61 81.27
Wales 4.75 0.35
Northern Ireland 1.19 1.69

 Abroad 1.54 1.08

Notes: Composition of fields of study and occupational fields are based on a broad classification (other classifications 
are discussed in the Data Appendix). Occupational field represents the field of employment in the 1st year after 
completing degree. Foreign students returning overseas are excluded from counts of Post-BA activity. 
ª is out of the unrestricted sample including unemployed and graduate students.
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restrictions: (a) including graduate students 
who have occupation data; (b) including un-
classified occupations such as manual and 
clerical occupations instead of coding them 
as switches since individuals in one nation 
may be more likely to end up in non-
professional occupations; (c) coding indi-
viduals who end up unemployed as switches 
since this may be the result of a differential 
macroeconomic shock across the two na-

tions; (d) excluding the fields of education 
and business or coding individuals who study 
them as non-switches since they are particu-
larly subject to misclassification (and simi-
larly with combined fields); and (e) coding 
students who dropped out as switches. Addi-
tional robustness checks restrict the sample 
to students with top high school grades who 
are clearly free to choose their fields, uncon-
strained by admissions requirements and the 
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Figure 3. Outcomes by Year of Graduation (USR sample)

Notes: Closed and open circles represent England and Scotland averages, respectively. Outcomes based on USR
samples of undergraduates from 1973–1993. Occupation-Field switching is calculated with the broad classification 
(see Appendix Table 1). Change of field of study is determined by students who receive a degree in a field different 
from the one they applied for. Unemployment and Further study occur during the 1st year following graduation.
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availability of slots. Finally, I also focus on 
the sample of English students from 
northern England since they are probably 
most similar to individuals from Scotland. 

The effect of a Scottish degree on the 
probability of switching is captured by λ in 
the following regression equation:

(1) SWITCHij " β′Xij # λSCOTij # φj + εij

where SWITCHij is a dummy variable for an 
occupation-field switch for individual i in 
field j, SCOTij is a dummy variable indicating 
the individual received a Scottish degree 
and therefore specialized late, φj is a set of 
field of study fixed effects, Xij are demo-
graphic characteristics, and εij is a distur-
bance term. The primary demographic 
controls include sex, age, marital status, 
high school GPA, and parents’ socioeco-
nomic status (SES). In further robustness 
checks, I show results from two “placebo 
tests” in which WALESij or SCOTGRADij are 
used in place of SCOTij to explore compari-
sons between England and Wales or between 
England and Scotland at the graduate level. 
The identifying assumption for the main re-
gression equation is that students in  England
and Scotland are no different on unob-
servable characteristics, that is, Cov(εij,
SCOTij) " 0.

Note, however, that attainment of a 
Scottish or English degree is not randomly 
assigned. Rather, once they complete their 
secondary education, individuals can choose 
to attend universities in either England or 
Scotland. Table 2 shows the national break-
down of individuals studying in England and 
Scotland. The migration patterns from prior 
residence to university indicate that 3.3% of 
individuals with English prior residence 
choose to study in Scotland whereas 7.4% of 
individuals with Scottish prior residence 
choose to study in England. There may be 
systematic differences between those indi-
viduals who decide to attend university in 
the other system. If these differences are un-
correlated with the probability of switching, 
this should not pose a problem. However, if 
individuals who migrate to university have a 
different likelihood of switching, OLS esti-
mates will be biased. This might arise because 

individuals who migrate have unobserved 
characteristics that are correlated with the 
likelihood of switching. Or more directly, in-
dividuals might choose the university system 
based on their own expected likelihood of 
switching. For example, individuals from 
England that have less precise priors on 
match quality may decide to attend universi-
ties in Scotland where academic specializa-
tion is postponed. Hence, I will also consider 
regressions in which I instrument for the at-
tainment of a Scottish or English degree with 
the region of prior residence. Since the type 
of degree and region of prior residence are 
not available in the NSGD, I use the type of 
school leaving examinations (whether Scot-
tish or English) to estimate a reduced form 
equation of the probability of switching.26

Results

In Tables 3, 4 and 5, the main predictions 
on occupation-field switching with both the 
USR and NSGD are tested. Across almost 
all specifications, the probability of a switch 
is significantly lower for individuals with 
Scottish degrees than for their English coun-
terparts. The estimated difference in occu-
pation-field switching between England and 
Scotland from the preferred 2SLS specifica-
tion is approximately 6 percentage points, 
which is substantial considering that the rate 
of switching in Scotland is about .42. Indeed, 
the coefficient on SCOT from equation 1 is 
negative and significant in almost every year 
between 1973 and 1993 (results not shown, 
but Panel A of Figure 3 displays the raw dif-
ferences over time). According to the model, 
these findings indicate that the return to 
match quality is high relative to the return 
to specific skills. That we observe more 
occupation-field switches in England, a sys-
tem with early specialization, implies that 
the benefits to increased match quality are 
substantial, and, indeed, large enough to 
outweigh the greater loss of skills. 

26 There is some choice available with the type of sec-
ondary school, but the correlation between Scottish 
residence and attendance in Scottish high school is .96. 
Furthermore, the correlation between attendance in a 
Scottish high school and sitting Scottish leaving exami-
nations is .98.
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Main Findings

Using data from the USR, Table 3 shows 
the pattern of occupation-field switching 
for students who graduated in 1980. As a 
baseline, Panel A includes all English stu-
dents. All regressions include controls for 
gender, marital status, age, high school GPA,
and parental SES. In column (1), I estimate 
the difference in the probability of switching 
between England and Scotland without con-
trolling for fields of study or region of work. 
Once I control for the composition of fields 
across nations in column (2), the estimated 
differential in occupation-field switching de-
clines substantially. In other words, not only 
do individuals in Scotland switch less, but 
they also tend to study fields that are associ-
ated with less switching.27 In column (3), I 
add controls for region of work and the coef-
ficient on SCOT becomes smaller still, sug-
gesting that there may be less switching 
among Scottish employers who prefer to 
hire individuals with related qualifications. 
This specification needs to be interpreted 
with care, however, since the decision to 
work in England or Scotland is probably en-
dogenous; individuals who decide to switch 
may also make systematically different deci-
sions about where they wish to work. 

In columns (4), (5) and (6), I instrument 
for the attainment of a Scottish degree with 
the region of prior residence.28 2SLS esti-
mates of the difference in occupation-field 
switching between England and Scotland in-
crease substantially and lend support to the 
hypothesis of non-random selection. If indi-
viduals who are less focused and hence more 
likely to switch decide to earn their degrees 
in Scotland, OLS estimates of switching in 
Scotland will be biased towards more switch-
ing. Similarly, if individuals who are more 

27 In fact, English students may be endogenously choos-
ing broader fields that facilitate switching to avoid spe-
cializing in an excessively narrow field. Much of the 
variation in field switching is explained by differences 
across fields of study (the R2 increases from .03 to .39 
once controls for fields of study are included).
28 Coefficient estimates are almost equivalent when in-
strumenting for attainment of a Scottish degree with 
the type of secondary school leaving exams completed 
or with the location of secondary school.

focused and less likely to switch decide to 
earn their degrees in England, OLS esti-
mates of switching in England will be biased 
towards less switching. Since individuals with 
Scottish degrees are, in fact, less likely to 
switch than their English counterparts, 2SLS
estimates should and do indicate an even 
greater differential in switching. Panel B
uses information from the USR to restrict 
the sample of English students to those from 
northern England since they are the most 
similar comparison group to individuals 
from Scotland.29 The pattern of occupation-
field switches between Scotland and north-
ern England appears to be even stronger 
than the one found when all students from 
England are included. 

These findings are robust to alternative 
(broader and narrower) classifications, as 
well as to the sampling restrictions described 
in the previous section. In particular, results 
are similar when assuming that any student 
who dropped out would have switched to an 
occupation that was unrelated to his or her 
field of study (since this would otherwise 
bias towards finding a lower rate of switching 
in Scotland than England). Moreover, the 
findings remain unchanged when restricting 
to the sample of students with top high 
school GPAs and when excluding students at 
Oxford and Cambridge. Interestingly, the 
main results do appear to be slightly stron-
ger for women than for men, but there is not 
much heterogeneity by age and parental 
SES. A full set of robustness results is avail-
able upon request. 

Table 4 presents evidence on the determi-
nants of occupation-field switching within 
the field of engineering. A degree in engi-
neering is associated with a well defined oc-
cupation, and the content of such degrees is 
extremely similar across the two nations. 
Using the narrow classification, I can iden-
tify switches by subfield, such as from study-

29 I have also considered reweighting the Scottish and 
English samples to resemble one another using the 
methods developed by DiNardo, Fortin, and Lemieux
(1996). The coefficients from regressions using the 
DFL weights are very similar to those from the un-
weighted specifications presented in the paper (avail-
able by request).
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ing mechanical engineering to becoming an 
electrical engineer. In order to increase pre-
cision, I pool the USR data on engineers 
from 1980 to 1992.30 The main results are 
confirmed in this setting—individuals who 
study engineering in Scotland are generally 
less likely to switch to an unrelated occupa-
tion than their counterparts who study engi-
neering in England. Pooling USR data from 
1980 to 1992, I also examined the likelihood 
of switching for each field of study separately 

30 Note that I exclude 1973–1979 and 1993 because 
there is no information on parental SES. The results are 
similar if I include these years and drop the measures of 
SES.

(results available upon request). The coeffi-
cient on SCOT for social sciences and the 
arts is negative and significant, indicating 
that this differential is also associated with 
fields outside the hard sciences. There are 
no significant differences in switching across 
England and Scotland for certain fields such 
as health, business, and education.31 More
generally, these effects may vary across fields 
because of differences in the relative returns 

31 A degree in medicine is an extremely specialized 
course in both English and Scottish institutions. A de-
gree in business may provide a broad set of skills that 
dampens the differences that arise from early versus 
late specialization.

Table 3. Effect of Scottish Degree on Occupation-Field Switching for 1980 Graduates (USR)

Dependent variable: switched to occupation unrelated to field of study

OLS 2SLS

(1) (2) (3) (4) (5) (6)

Panel A: Scotland vs. England

SCOT !0.079**
[0.016]

!0.064**
[0.017]

!0.048*
[0.023]

!0.107**
[0.034]

!0.089**
[0.019]

!0.099**
[0.029]

Main controls X X X X X X
Field of study effects X X X X
Region of work effects X X
R2 0.03 0.39 0.39 0.03 0.39 0.39
Observations 13,882 13,882 13,882 13,882 13,882 13,882
Mean of dep. Variable 0.47 0.47 0.47 0.47 0.47 0.47

Panel B: Scotland vs. Northern England

SCOT !0.086*
[0.029]

!0.079**
[0.023]

!0.079**
[0.023]

!0.093
[0.047]

!0.101**
[0.025]

!0.128**
[0.031]

Main controls X X X X X X
Field of study effects X X X X
Region of work effects X X
R2 0.03 0.37 0.37 0.03 0.37 0.37
Observations 4,921 4,921 4,921 4,921 4,921 4,921
Mean of dep. Variable 0.42 0.42 0.42 0.42 0.42 0.42

Notes: Huber-White standard errors, clustered by university in brackets. Sample includes all students who aimed to 
attain a first degree in England and Scotland with occupation data and were not pursing further studies. Dependent 
variable is defined as 1 if broad field of study at the undergraduate level is different from the broad occupational field 
of the first job in the 1st year following degree and 0 otherwise. SCOT is defined as 1 for Scottish degree and 0 for 
English degree. SCOT is instrumented with nation of prior residence in columns 4, 5, and 6. Main controls include 
sex, marital status, age, high school GPA, and parent SES. Panel B is restricted to students in England whose region 
of prior residence was northern England (including North East and Tyne, and all of Yorkshire).
*Statistically significant at the .05 level; **at the .01 level.
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to match quality; learning about match qual-
ity may be more important in certain fields 
than in others. 

Table 5 presents data from the NSGD to 
show occupation-field switching between 
England and Scotland. I estimate a reduced-
form equation in which SCOT is a dummy 
variable identifying whether students took 
English or Scottish secondary school leaving 
exams, because that is the only indicator 
available in the NSGD. As a result, I cannot 
restrict the sample to individuals from 
northern England. Again, all regressions in-
clude controls for gender, marital status, age, 
high school GPA, and parental SES. Columns 
(1), (2) and (3) show the reduced-form ef-
fect of having completed school leaving 
exams in Scotland on the likelihood of work-
ing in an occupation unrelated to the cho-
sen field of study in the first year following 
graduation. Confirming our results from the 
USR, most specifications show that students 
from England are more likely to switch than 
their counterparts from Scotland. However, 
the NSGD also contains information on stu-

dent outcomes six years following the com-
pletion of their degree. Columns (4), (5), 
and (6) indicate that the differential in 
switching between England and Scotland re-
mains after six years. Note that the coeffi-
cient on SCOT becomes insignificant when 
controlling for region of work.32 Stronger re-
sults are obtained if I consider all individuals 
employed six years following completion of 
the BA degree by including those who were 
not employed in the first year after complet-
ing their degree (results not shown). 

Placebo Experiments

In addition to the various robustness 
checks discussed above, Table 6 presents two 

32 The NSGD data contain somewhat more detailed cat-
egories for region of work than the USR data, with loca-
tions in England classified as London, Midlands, East
Anglia, and Southern and Northern England. As men-
tioned above, the decision to work in these more spe-
cific regions (such as London) may well be endogenous 
to occupational switching.

Table 4. Effect of a Scottish Degree on Occupation-Field Switching 
for Engineers (USR, 1980–1992)

Dependent variable: switched to occupation unrelated to engineering subfield

OLS 2SLS

(1) (2) (3) (4) (5) (6)

SCOT !0.062
[0.032]

!0.037*
[0.014]

!0.034*
[0.016]

!0.064*
[0.032]

!0.047**
[0.012]

!0.049**
[0.015]

Main controls X X X X X X
Sub-field effects X X X X
Region of work effects X X
R2 0.02 0.29 0.29 0.02 0.29 0.29
Observations 21,819 22,320 22,320 22,320 22,320 22,320
Mean of dep. variable 0.28 0.28 0.28 0.28 0.28 0.28

Notes: Huber-White standard errors, clustered by university in brackets (that the standard errors are larger for OLS
than 2SLS may occur because of the strong first stage and the cross-correlations within the clustered groups). Sample 
includes all students who aimed to attain a first engineering degree in England and Scotland with occupation data 
and were not pursing further studies. Dependent variable is defined as 1 if the engineering subfield at the under-
graduate level is different from the engineering subfield of the first job in the 1st year following degree and 0 other-
wise. SCOT is defined as 1 for Scottish degree and 0 for English degree. SCOT is instrumented with nation of prior 
residence in columns (4), (5), and (6). Main controls include sex, marital status, age, high school GPA, parent SES
and year fixed effects.
*Statistically significant at the .05 level; **at the .01 level.
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“placebo tests” to verify that the differential 
in occupation-field switching between 
 England and Scotland is not due to differ-
ences in unobserved characteristics across 
the two nations. Panel A examines the differ-
ence in switching between England and 
Wales for 1980 college graduates using data 
from the USR where I can identify whether 
individuals attended university in Wales. 
Since undergraduate students in both 
 England and Wales generally apply to a spe-
cific field of study in university, we would ex-
pect no difference in switching between 
England and Wales. The specifications are 
analogous to those in Panel A of Table 3. 
Columns (1), (2), and (3) present the re-
sults from OLS regressions in which WALES
is a dummy variable indicating whether indi-
viduals completed university in Wales. Col-
umns (4), (5), and (6) show the results from 
the 2SLS regressions in which the attain-
ment of a Welsh degree is instrumented with 
the region of prior residence. None of the 
specifications indicates any significant differ-
ence in switching between England and 
Wales. Since the timing of academic special-
ization in Wales is similar to that in England,

the absence of a difference in switching be-
tween England and Wales is reassuring and 
supports the contention that the difference 
between England and Scotland is a conse-
quence of the timing of specialization. 

Panel B examines the difference in 
occupation-field switching between England
and Scotland, but at the graduate level. As
mentioned, the USR has separate files con-
taining information on students with gradu-
ate degress. Since graduate degrees in both 
 England and Scotland are similar in terms of 
specialization—both require admission to a 
very specific field of study—we expect to see 
no difference in switching at the graduate 
level. Of course, I control for undergraduate 
degree since the model itself predicts that 
students who complete an undergraduate 
degree in Scotland will have higher match 
quality and lower levels of specific skills than 
those in England. I focus on the sample of 
students who completed their studies in 
1980 and entered the labor market at the 
same time as the undergraduate students 
analyzed above. Columns (1), (2), and (3) 
display results from the OLS regressions in 
which SCOTGRAD is a dummy variable 

Table 5. Effect of Scottish Degree on Occupation-Field Switching 
for 1980 Graduates (NSGD)

Dependent variable: switched to occupation unrelated to field of study

1st year after completing degree 6th year after completing degree 

(1) (2) (3) (4) (5) (6)

SCOT !0.151**
[0.035]

!0.086**
[0.028]

0.014
[0.045]

!0.174**
[0.036]

!0.110**
[0.029]

!0.053
[0.046]

Main controls X X X X X X
Field of study effects X X X X
Region of work effects X X
R2 0.03 0.35 0.36 0.03 0.30 0.31
Observations 1,455 1,455 1,455 1,455 1,455 1,455
Mean of dep. variable 0.48 0.48 0.48 0.52 0.52 0.52

Notes: Huber-White standard errors, clustered by university in brackets. Sample includes all students who aimed to 
attain a first degree in England and Scotland with occupation data and were not pursing further studies. Dependent 
variable is defined as 1 if field of study at the undergraduate level is different from the broad occupational field of 
the first job in the 1st year following the degree and 0 otherwise. SCOT is defined as 1 for having completed Scottish 
school leaving exams and 0 for having completed English school leaving exams. Main controls include sex, marital 
status, age, high school GPA, and parent SES.
*Statistically significant at the .05 level; **at the .01 level.
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Table 6. Placebo Tests

Panel A: Occupation-Field Switching in Wales vs. England (USR sample)
OLS 2SLS

(1) (2) (3) (4) (5) (6)

WALES 0.094
[0.051]

–0.001
[0.019]

–0.003
[0.020]

–0.08
[0.120]

–0.02
[0.036]

–0.034
[0.048]

Main controls X X X X X X
Field of study effects X X X X
Region of work effects X X

R2 0.03 0.40 0.41 0.03 0.40 0.40
Observations 12,082 12,082 12,082 12,082 12,082 12,082
Mean of dep. variable 0.51 0.51 0.51 0.51 0.51 0.51

Panel B: Graduate-level Occupation-Field Switching in Scotland vs. England

USR Sample (OLS) NSGD sample (reduced form)

(1) (2) (3) (4) (5) (6)

SCOTGRAD 0.005
[0.036]

0.029
[0.042]

0.019
[0.040]

0.040
[0.050]

0.048
[0.047]

–0.048
[0.070]

Main controls X X X X X X
Field of study effects X X X X
Region of work effects X X

R2 0.01 0.19 0.19 0.03 0.11 0.13
Observations 4,400 4,400 4,400 760 760 760
Mean of dep. variable 0. 50 0.50 0. 50 0.32 0.32 0.32

Panel C: Academic Switching in Scotland vs. England

USR Sample (OLS) NSGD sample (reduced form)

(1) (2) (3) (4) (5) (6)

SCOT 0.038
[0.030]

0.050**
[0.024]

0.002
[0.017]

0.020
[0.046]

0.037
[0.040]

0.005
[0.070]

Main controls X X X X X X
Field of study effects X X X X
Region of work effects X X
R2 0.01 0.23 0.24 0.01 0.21 0.23
Observations 15,038 15,038 15,038 1,100 1,100 1,100
Mean of dep. variable 0.37 0.37 0.37 0.61 0.61 0.61

Notes: Huber-White standard errors, clustered by university in brackets. Dependent variable in Panel A is defined as 1 
if the broad field of study at the undergraduate level is different from broad occupational field. WALES is defined as 
1 for Welsh degree and 0 for English degree, and instrumented with nation of prior residence in columns 4, 5, and 
6 of Panel A. Main controls include sex, marital status, age, high school GPA, and parent SES. Dependent variable in 
Panel B is defined as 1 if the broad field of study at the graduate level is different from broad occupational field. 
SCOTGRAD is defined as 1 for graduate Scottish degree and 0 for graduate English degree. Columns 4, 5, and 6 of 
Panel B show the reduced form using Scottish school leaving exams as a proxy for a Scottish graduate degree. Main
controls for the USR in Panel B include sex, marital status, and type of undergraduate degree, while the correspond-
ing main controls for the NSGD include sex, marital status, age, high school GPA, and parent SES. Dependent vari-
able in Panel C is defined as 1 if the broad field of study at the graduate level is different from broad field of study at 
the undergraduate level. Main controls for the USR in Panel C include sex and marital status, whereas the corre-
sponding main controls for the NSGD include sex, marital status, age, high school GPA, and parent SES. The USR
regressions in Panel C use students graduating in 1990 (due to the absence of undergraduate field for 1980 gradu-
ates); all other regressions are restricted to students graduating in 1980.
*Statistically significant at the .05 level; **at the .01 level.
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indicating whether individuals completed 
their graduate degrees in Scotland.33 Con-
trolling for undergraduate degree, there is 
no significant difference in the probability 
of an occupation-field switch between 
 England and Scotland at the graduate level. 
The NSGD includes students who graduated 
from college in 1980 and completed their 
graduate degrees some years later. Columns 
(4), (5), and (6) report results from the re-
duced form regression where the comple-
tion of graduate degrees in Scotland is 
proxied by whether students took English or 
Scottish secondary school leaving exams (I 
cannot control for undergraduate degree in 
these regressions). Still, there is no signif-
icant difference in switching between 
 England and Scotland at the graduate level. 
These results further support the argument 
that the difference in occupation-field 
switching between England and Scotland 
derives from the timing of specialization in 
undergraduate education and not from 
some other characteristic inherent to Eng-
lish and Scottish individuals, or from labor 
market conditions particular to England and 
Scotland.

Finally, I examine the probability of 
switching to a graduate degree in a field that 
is unrelated to the undergraduate field of 
study—“academic field switching”—in Panel 
C. The probability of switching to an unre-
lated graduate degree is not significantly 
different for individuals with a Scottish un-
dergraduate degree than for individuals 
with an English undergraduate degree for 
most specifications. Indeed, the sign is actu-
ally positive in all cases. One possible expla-
nation is that the relative return to match 
quality for success in further study is differ-
ent than for wages in the labor market. If 
further study at the graduate level depends 
more on the specific skills acquired at the 
undergraduate level, the benefits from 
switching may no longer exceed the greater 
loss of skills in the early system. In other 
words, the relative return to academic skills 

33 The USR does not contain information on birth re-
gion, so I cannot instrument for whether an individual 
attained a Scottish degree with their place of birth or 
place of residence prior to commencing their studies.

in graduate education may be substantially 
larger than in the job market. 

Alternative Explanations for Switching

Occupation-field switching may arise for 
reasons other than those described by my 
model of academic specialization.34 If certain 
individuals are particularly indecisive, they 
may be more likely to switch. Other individu-
als may simply be more adept at making 
changes and are therefore more likely to 
switch to an occupation unrelated to their 
field of study. Although these characteristics 
are generally unobservable, I can examine 
whether such switching is correlated with 
other decisions, such as a change in major 
field of study in university. Regression analy-
sis confirms that individuals who change 
fields of study during university are also sig-
nificantly more likely to experience an occu-
pation-field switch (not shown). However, as 
mentioned previously, 18% of Scottish stu-
dents change their field of study during uni-
versity compared to just 7% of the English
students. That students from Scotland are 
less likely to switch to an occupational field 
unrelated to their field of study despite 
being more likely to change their declared 
field of study after entry into university pro-
vides some suggestive evidence that this dif-
ferential in switching between England
and Scotland is not driven by such 
unobservables. 

Occupation-field switching may also be 
driven by the availability of jobs in different 
occupational fields. If certain sectors experi-
ence negative shocks to labor demand, 
recent graduates may be forced to switch to 
a different occupational field from the one 
they studied. Appendix Table 2 shows the 
percentage of individuals employed in dif-
ferent occupational fields by field of study in 
1980. As expected, certain fields of study 
have substantial outflows into unrelated oc-
cupational fields (social sciences, physical 
sciences, and arts). Other occupational 

34 For this reason, simply observing that switching takes 
place is not sufficient evidence that education provides 
valuable information about match quality, and we need 
to test the comparative static predictions from the 
model.
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fields have substantial inflows from unre-
lated field of study (business, engineering, 
education). However, evidence for flows in 
both directions—for example, from math/
computer sciences to physical sciences and
vice versa—suggests that field switching is 
not driven solely by the availability of jobs in 
different occupational fields. 

Variation in Switching across 
Universities

A comparison of labor market outcomes 
across England and Scotland has the disad-
vantage of including only two nations. An
alternative empirical approach would have 
been to compare student outcomes across 
universities. The theoretical model assumes 
that the cost of changing majors in university 
following specialization is infinite and iden-
tical across all universities within each sys-
tem. But in fact, there is some variation 
across institutions. In England, although 
most universities require students to apply to 
a specific field prior to entry, there are dif-
ferences in the penalty to changing fields of 
study once students are enrolled in a specific 
course. In Scotland, students are either re-
quired to write down their expected field of 
study or they are coded with a broad faculty 
to begin with, which is then changed appro-
priately when they select a specific field. 
Since these penalties are difficult to quan-
tify, we might consider using the actual pro-
portion of students changing fields as a 
proxy for the penalty. 

Any comparison across universities, how-
ever, will suffer from selection bias since stu-
dents choose from among the many 
universities available to them. We expect 
that individuals who are unsure about what 
to study would be more likely to choose a 
university with less stringent penalties and 
be more likely to switch to an unrelated oc-
cupation upon entering the labor force. 
Moreover, using the actual proportion of 
students who change fields as a proxy may 
well confound the actual penalty with stu-
dent characteristics that are correlated with 
these changes and other labor market out-
comes. Indeed, if students who change 

majors are also more likely to switch to unre-
lated occupations, then any unequal distri-
bution of students across universities will 
yield this correlation. Figure 4 plots the pro-
portion of individuals who switch to an unre-
lated occupation by the proportion of 
students who change fields of study while in 
university.35 The pattern of occupational 
switching between England and Scotland con-
firms the main findings of this paper and 
demonstrates that the propensity to switch 
fields in English universities is higher than in 
Scottish universities with comparable pro-
portions of students who change majors. 
However, the positive correlation between 
changes in major and occupational switch-
ing within both England and Scotland would 
mistakenly suggest that students attending 
universities with less stringent penalties for 
specializing later are also more likely to 
switch to an unrelated occupation—a rather 
different result from the one reached by 
comparing across nations.36 Thus, the pres-
ence of selection bias may present serious 
problems if we don’t focus on exogenous dif-
ferences in the timing of specialization. 

Conclusion

Substantial research has examined the ef-
fect of education on labor market outcomes. 
Recent work has confirmed that the rela-
tionship between education and outcomes 
such as wages is indeed causal (Card 1999). 
However, there has been less progress in un-
derstanding why education affects labor mar-
ket outcomes. Education is often thought to 
provide certain skills that make workers 
more productive in performing tasks that 
are valued in the labor market (Neal and 
Johnson 1996; Cascio and Lewis 2006). Al-
ternatively, education may enhance workers’ 
ability to deal with disequilibria, which may 

35 A similar pattern arises when plotting the residuals in 
occupational switching and changes in major after con-
trolling for observable differences in the main control 
variables.
36 This positive correlation is borne out in regression 
analysis, which compares occupational switching across 
English universities with high and low rates of switches 
across fields of study.
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lated on the basis of the broad classification (see Appendix Table 1). Change of field of study is 
determined by students who receive a degree in a field different from the first field of study.

Figure 4. Changes in Major and Occupation-Field Switching by University (USR)

result from technological change (Nelson 
and Phelps, 1966; Bowles 1970). In this 
paper, I have examined another important 
mechanism for why education might im-
prove labor market outcomes. By providing 
valuable information about tastes and tal-
ents for different fields of study, I have shown 
how education can help individuals match 
more successfully to different fields in uni-
versity and in the labor market. 

In order to examine this mechanism, I de-
veloped a model of academic specialization in 
which individuals, by taking courses in dif-
ferent fields of study, accumulate field-
specific skills and receive noisy signals of 
match quality in these fields. Distinguishing 
between educational systems with early and 
late specialization, I derived a comparative 
static prediction regarding the probability of 

switching to an occupation unrelated to 
one’s field of study. If higher education 
serves mainly to provide specific skills, the 
model predicts more switching in a system 
with late specialization because the cost of 
switching is lower in terms of foregone skills. 
Alternatively, if higher education serves 
mainly to provide valuable information 
about match quality, switching may be higher 
in a system with early specialization because 
the benefits from higher expected match 
quality due to switching will outweigh the 
greater loss of specific skills. 

University administrative data and survey 
data on college graduates show that individ-
uals from Scotland, who specialize relatively 
late, are less likely to switch to an unrelated 
occupation than their counterparts from 
England. The pattern is even more striking 
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when instrumenting for English and Scottish 
degrees with region of prior residence. In 
contrast, there is no difference in the 
probability of switching between England
and Wales where the timing of academic 
specialization is similar, or between England
and Scotland at the graduate level, where the 
timing of specialization is also similar. These 
findings indicate that the return to match 
quality is high relative to the return to 
specific skills. In other words, the fact that 
England—a system with early specializa-
tion—exhibits a higher incidence of switch-
ing implies that the benefits to increased 
match quality are substantial, and, indeed, 
large enough to outweigh the greater loss of 
skills. The data thus confirm that undergrad-
uate education has an important role in 
helping students discover their tastes and 
talents about different fields of study. 

The finding that education provides valu-
able information about tastes and talents 
also has implications for the timing of aca-
demic specialization. Later specialization, 
which allows students more time to learn 
about their match quality in different fields 
of study, may be preferable when there are 
large returns to being well matched to a par-
ticular field. Although I have focused on the 
differences in the timing of specialization 
between England and Scotland, there is also 
substantial variation in the difficulty of 
changing majors across college in the United
States. Moreover, there are some countries 
that require students to specialize while still 
in elementary or secondary school. In this 
paper, I have suggested that these structural 
differences in the timing of specialization 
may have important consequences for effi-
ciency and welfare. 

A. Data Appendix

Complete documentation for the Universities’ Sta-
tistical Record, 1972–73—1993–94: Undergraduate
Records, Postgraduate Records and the National Survey 
of 1980 Graduates and Diplomates, 1986–1987 are 
available from the UK Data Archive: http://www.data-
archive.ac.uk (Department of Employment 1988). De-
tails of the variables constructed for this study are 
described as follows: 

Occupation-Field Switch: An occupation-field switch 
is defined as a binary variable that takes on a value of 1 
if individuals are employed in an occupation unrelated 
to their major field of study at the undergraduate level, 
and 0 otherwise. In order to determine whether indi-
viduals are employed in an occupation that is related or 
unrelated to their field of study, I group fields of study 
and occupations into categories. As shown in Appendix
Table 1, I allow for three gradations of classification: 
narrow (42 categories), broad (12 categories), and very 
broad (6 categories). Occupations and fields of study 
are coded according to each of the alternative classifica-
tions. Where the occupation and field of study are clas-
sified in different categories, the field switch variable 
takes on a value of 1. For example, individuals studying 
physics at university will have their field of study coded 
as “physics” according the narrow classification, “physi-
cal sciences” according to the broad classification, and 
“mathematical, computer, and physical sciences” ac-
cording to the very broad classification. If they are em-
ployed as computer programmers, the field switch vari-
able will take on a value of 1 according to the narrow 
and broad classifications and a value of 0 according to 

the very broad classification. Combined fields are con-
sidered switches if the individuals are not employed in 
any of the fields mentioned. 

Change in Major Field of Study: Using the USR, I 
record changes to the major field of study by observing 
when the field of study upon entering university is dif-
ferent from the field of study in the degree awarded 
based on the appropriate classification. In Scotland, stu-
dents are coded according to a broader code represent-
ing the combination of fields in a faculty or school or on 
the basis of a provisional field of study, and subsequently 
change when they select a specific field. 

High school GPA: Scores on secondary school leav-
ing exams are officially coded as letter grades (A, B, C, 
and so on). These are converted into numerical scores 
where A " 10, B " 8, C " 6, D " 4, and E " 2. Average
scores are then standardized by nation and combined 
so that the overall distribution of high school GPA has 
mean 0 and standard deviation 1. 

SES: SES is coded based on parental occupations. It 
is represented by a series of dummy variables corre-
sponding to the following categories: 0–unstated, re-
tired, or unknown, 1–professionals workers, 2–interme-
diate workers, 3–skilled non-manual, 4–skilled manual, 
5–partially skilled, 6–unskilled, and 7–unemployed. 

Region of Work: Region of work is classified as 
 England, Scotland, Wales, Northern Ireland or abroad 
in the USR. Region of work is classified as London,
Southern England, Midlands, East Anglia, Northern 
England, Wales, Scotland, Northern Ireland or abroad 
in the NSGD. 
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B. Mathematical Appendix

The mathematical appendix provides a formal treat-
ment of the model of academic specialization presented 
in the main text. For ease of exposition, the structure of 
the appendix and most of the notation parallels the 
main text. 

Formal Setup
Suppose N courses are taken in k * 2 fields of study. 

Let F1, ... ,Fk be normal populations associated with fields 
of study i " 1, ... ,k, each with unknown mean θ1, ... ,θk
and a common known variance σ2 & 0. The unknown 
means θ1, ... ,θk represent unobserved match quality in 
each field. 

Sequence of observations 
In Stage 1, n observations from each population Fi

are observed. These correspond to observations on 
match quality from courses taken in each field of study 
prior to specialization. The sample means of these ob-
servations, Xi, are independent and distributed N(θi,p!1)
with p " nσ!2. In Stage 2, one population, i *, is selected 
for further sampling and (N ! nk) additional observa-
tions are observed from this population. These corre-
spond to observations on match quality in the chosen 
field from courses taken following specialization. The 
sample mean of the second set of observations, Y, is dis-
tributed  N(θi*,q!1) with q = (N ! nk)σ!2 and where θi* is 
the (unknown) mean of the population chosen after 
Stage 1.37

Beliefs on match quality 
Beliefs about match quality θ1, ... ,θk are represented 

by the parameters ˆ ˆθ,...,θk. These parameters are random 
and follow independent and identical prior distribu-
tions assumed to have ˆ ,θ µ νi ∼ N !1( ) with ν σ= −

0
2 . The 

conditional distribution of θ̂  at each stage can be ex-
pressed as follows: 

ˆ , ,

,...,

θ
νµ
ν

νi
iN

px
p

p

i k

' "
#

#
#

"

!
X x ∼ ( )





1

1 iindependent

,ˆ ( )
,θ

πµ
π

πi
i iY y N

q y
q

q' " "
#

#
#X x

x
∼ ii

iq q

( )





−1
,

* " and 0 otherwise

where π " p # ν represents the relative combined 
(prior plus sampling) information gained from field 
Fi, and where µi(x) = (pxi # νµ)/(p # ν) represents the 
estimated mean of field Fi after Stage 1. In terms of 
the notation in the main text, ′µ µi i" ( )x  and 
′µ µi i y" ( , ).x 38

37 Since Xi and Yi* already correspond to the mean of the 
samples, we will use xi and Yi* instead of x yi iand * .
38 Note also that the conditional distribution of Y given 
X " x is distributed N(µi(x), w) with w " (π + q)πq.

Payoffs 
The returns associated with field Fi are denoted by 

ui " αθi # βsi where si is the cumulative number of ob-
servations from field Fi. This return represents the wage 
received in field i upon entering the labor market. In 
terms of the model of academic specialization, α is the 
return to match quality and β is the return to specific 
skills. Note that we can express the loss function associ-
ated with population Fi as Li(θ,s) " αθi # βsi.39

Decision Rules 
After X " x has been observed at Stage 1, the Bayes

selection rule i d* *( )= 1 x  can be found by minimizing 
the posterior expected loss (or in our framework, maxi-
mizing posterior expected returns): 

E L d

E s

X

i k X i i

ˆ

max ˆ

*

, ...,

θ,

θ β
1

1

X X x( )( )( )' "

" #
"

α '' "

" ' " #

"

"

"

X x

X x

( )
( )α β

α

max ˆ

max
, ...,i k X i

i

E s
1

1

θ

,, ...,

, ...,max
k i

i k

s

p

p

µ

α
νµ

ν

X( )

( ) +
+







=

#

"

β

1
 +βs

where s corresponds to the specific skills in each field 
which are equivalent across fields. The optimal selec-
tion, i *, at Stage 1 will therefore be the population with 
the largest observed sample mean after Stage 1 since 
d xi k i1 1

*
, ...,( ) argmax .x " "  This is intuitive since, with iden-

tical prior distributions on match quality, the only dis-
tinguishing feature of each population is the informa-
tion received in Stage 1. Let x[1] % x[2] % ... x[k] denote 
the order sample means from Stage 1 and µ[1](x) % µ[2]
(x) % ... µ[k] (x) denote the ordered posterior means 
from Stage 1. Note that, in terms of the notation in the 
main text, ′ ′µ µ µ µi k i k* *[ ] [ ]( ) ( )." " !x xand 1

Similarly, after Y " y has been observed at Stage 2, 
the Bayes selection rule i d y** *( , )" 2 x  will satisfy 

E L d

E
i k

ˆ

max ˆ

*

, ...,

θ,

θ
2

1

X,Y X x,( )( )( )' " "

"
"

Y y

α ii is# ' " "β X x,Y y( )

These Bayes selection rules yield the maximum poste-
rior expected returns, or Bayes risk, of their respective 
problems in Stages 1 and 2. Let ′′µ µi k* [ ]( )" x,y  denote 
the posterior mean of field, i*, after Stage 2. An impor-
tant feature of this decision problem is that the selection 

39 This corresponds to a linear loss function, Li (θ, s) = 
θ[k], " max {θ1, . . . , θk} where  is normalized to zero and 
with an additional negative cost associated with the 
amount of sampling from the population i.
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i d y** *( , )" 2 x  after Stage 2 may differ from the selection 
i d* *( )" 1 x  after Stage 1 since further observations in 
Stage 2 may reveal that the initial choice was not as 
good as initially thought. This corresponds precisely to 
the possibility of switching fields expressed in the main 
theoretical framework. 

Proof of Proposition 1: The probability of switching 
can be expressed as follows:

Pr ( ) Pr , ,

Pr

*switch u s u s

u

i ia" &′( ) ′′( )( )µ µ

µ

or

[[ ] [ ]( ), ( , ),k ks u s! &1 x x( ) ( )( )µ y

where u s u si k′′( ) ( )µ µ* , ( , ),[ ]" x y  is the wage expected in 
the chosen field based on the beliefs after Stage 2 and 
u s u si k′( ) ( )′′µ µ, ( ),[ ]" !1 x  is the wage expected in the sec-
ond-best field based on the beliefs after Stage 1. Using
the latter notation and since individuals are assumed to 
be risk-neutral, we can write the probability of switching 
in terms of skills and beliefs about the mean of 
match quality: Pr(αµ[k!1](x) # βn & αµ[k](x,y) # β(n #
(N ! nk))). We can further decompose µ[k](x,y), into 
the mean of match quality in the chosen field after 
Stage 1, µ[k](x), and the mean of the observations taken 
from the chosen field in Stage 2, Y[k]:40
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The left-hand side term represents new information 
about match quality in the chosen field revealed in 

40 So Y [k] is a random variable representing observations 
from an extreme value distribution. See Gupta and 
Miescke (1994, 1996) and Miescke (1999) for similar 
decompositions.

Stage 2; the first term on the right-hand side represents 
the loss in match quality from switching based on be-
liefs from Stage 1. The second term on the right-hand 
side represents the loss in skills from switching to the 
second-best field. Individuals will switch fields when the 
new information about match quality is sufficiently neg-
ative so as to outweigh the loss in match quality and 
skills from switching. 

Later specialization corresponds to more observa-
tions in Stage 1 that decreases the relative importance 
of new information in Stage 2, increases the relative im-
portance of information in Stage 1, and raises the loss 
in skills associated with switching. When β is large rela-
tive to α, the loss in skills associated with switching will 
dominate and (d/dn)Pr(switch) & 0.41 When α is large 
relative to β, the loss in match quality associated with 
switching will dominate and (d/dn)Pr(switch) % 0.42

Using numerical methods, we can always find a unique 
constant C & 0, so that a system with early specializa-
tion, nE, will have a higher probability of switching than 
a system with late specialization, nL, if α/β & C and a 
system with late specialization, nL, will have a higher 
probability of switching than a system with late special-
ization, nL, if α/β % C.

Proof of Corollary 1: Suppose now that u(θi,
si) = αθi + βsi + εi where εi ∼ N(0,τ2). Then, if the return 
to match quality is equal to zero, α " 0, we can express 
the probability of switching as follows:
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Assume that σ2 " ∞ yields the same expression since 
p = nσ!2 = 0 and  q = (N ! nk)σ!2 = 0. Hence, in either 
case, a larger n causes the probability of switching to 
increase. Therefore, if α " 0 or σ2 " ∞, a system with 
early specialization will have a lower probability of 
switching than a system with late specialization.

41 This holds so long as switching continues to take place 
(that is, β is not too large relative to α).
42 This is clear if β " 0 and there is no loss in skills 
from switching. In this case, a larger n will make 
((q/π(π # q)))1/2Y[k] less negative and !(p)/(p # ν)
(x[k] ! x[k!1]) more negative, reducing the probability of 
a switch.
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