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ABSTRACT

We use sequence analysis to compare the different trajectories that
individuals take through the education system and into work and
identify the characteristics that could be used to target those who are
at most risk of poorer labour market outcomes. As well as age 16 exam
performance, we find that parental advice, aspirations, and attitudes
towards HE are important predictors of the pathways through
education and into work. However, these pathways are not strongly
determined at the end of compulsory education, and thus there are still
opportunities for individuals to change their trajectory even after
leaving school.
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1. Introduction

In the economics of education literature, the benefits of education in terms of labour market out-

comes are typically examined through estimating the wage returns either to the number of years

of education or to particular qualifications. The first approach fails to account for different qualifica-

tions studied and achieved during the years of education, while the second approach fails to account

for the fact that different pathways through the education system can ultimately result in the same

qualification. Each of these various education pathways may be associated with broadly similar or

very different labour market outcomes in terms of earnings and employment and while some path-

ways may facilitate smooth ‘school to work transitions’, others may lead to less successful transitions

into the labour market (Dorsett and Lucchino 2014). The transition from school to work is a key stage

in individuals’ lives which has long-term social and economic consequences. Pathways involving pro-

tracted job search and prolonged unemployment are likely to lead to less favourable long-term out-

comes, since youth unemployment has been found to have adverse effects on the probability of

finding work, pay and life chances (Bell and Blanchflower 2011; Machin and Manning 1999; Gregg

and Tominey 2005).

Over the past 30 years across industrialised countries, a growing demand for higher-skilled and

more highly educated workers, coinciding with increasing participation in Higher Education (HE),

has led to an expansion in the number and variety of routes that individuals take in their transition

from education into work. Pathways from education to employment have become lengthier, more

complex and de-standardised, often consisting of a sequence of transitions as opposed to a single

event during which an individual leaves education and joins the labour market (Keep 2012; OECD
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2000; Quintini, Martin, and Martin 2007; Raffe 2008). Both the US (Boylan 2020) and the UK (Anders

and Dorsett 2017; Dorsett and Lucchino 2014) have experienced this phenomenon. Even in

Germany, where the proportion of young people broadly following a general pathway from compul-

sory education to vocational education and training or tertiary education and into employment has

increased over time, transition patterns have becomemore heterogeneous and protracted (Brzinsky-

Fay and Solga 2016; Achatz, Jahn, and Schels 2022). More generally, a rich literature has documented

considerable diversity in the transition pathways from education into work for young people. This

includes: Quintini, Martin, and Martin (2007) for the EU; Cebulla and Whetton (2018) for Australia;

Opheim (2007) and Markussen (2017) for Norway; OECD (2010) for Canada; and Middeldorp,

Edzes, and van Dijk (2019) for Dutch students. These papers variously highlight the importance of

individual characteristics, social and economic circumstances, as well as the role of institutions in

accounting for the differences between individuals across countries and over time.

In the UK, the commitment to the widening participation agenda has initiated an expansion in the

number and variety of pathways that can lead individuals into HE, beyond the traditional route of

school exit and direct entry into the labour market. As a result, there are a multitude of pathways

through which individuals can progress through the education system. A UK graduate entering

the labour market, for example, may have taken their RQF1 Level 6 undergraduate degree following

two years of A-levels (RQF Level 3) in either a school/6th form or in a Further Education (FE) college,

or possibly after acquiring a Level 3 vocational qualification, or maybe after a ‘gap year’.

It is well documented in the returns to education literature that graduates benefit from positive

earning differentials and better employment prospects than non-graduates on average (Walker and

Zhu 2013; Blanden and McMillan 2016: Belfield et al. 2018).2 Thus, efforts have been made by policy-

makers and institutions alike to improve the rates of university attendance and completion by those

who are typically under-represented in HE, for example, those from disadvantaged backgrounds,

such as those eligible for Free School Meals (FSM), from low-income families, the first in family to

attend HE and ethnic minorities (Britton et al. 2016; Gorard et al. 2017; Walker and Zhu 2018: Hen-

derson, Shure, and Adamecz-Völgy 2019).3 The increased flexibility in the route to HE entry, outside

of the typical A-level route, has allowed for the incorporation of other pathways through FE into HE,

and the number of students entering university with Level 3 vocational qualifications is significant

and growing (Hupkau et al. 2016).

The majority of students in the UK, however, do not enter HE, but take non-graduate pathways

into the labour market. These pathways are equally varied and may comprise of education in the

form of vocational qualifications, apprenticeships, or A-levels. Heterogeneity exists even within

these steps with vocational education, for example, offering a vast array of qualifications. These

non-graduate pathways have received the least attention in terms of policy and are the pathways

for which the evidence is most limited with regard to the labour market value of each pathway

and, moreover, the characteristics associated with selection into these ‘in-between routes’ (D’Arcy

and Finch 2016). Current policy and evidence alternatively focus on estimating the returns to, and

widening participation in high-skilled qualifications and pathways (e.g. HE) and, at the other end

of the spectrum, improving the prospects of the low-skilled and those who follow pathways

leading to poor labour market outcomes.

Policymakers have demonstrated an ongoing commitment to understanding the risk factors and

characteristics associated with vulnerability to poor outcomes. Though the study of the specific path-

ways that lead to outcomes such as Not in Education, Employment or Training (NEET), is currently

limited, the existing evidence identifies that individual characteristics associated with poorer out-

comes, such as NEET, include looked after children, Special Educational Needs (SEN) and young

careers (Powell 2018). The Department for Education (2018) recognise that poor attainment is a

major barrier to progression in education in certain pathways and is an avenue to less favourable

labour market outcomes. For example, not achieving any GCSEs A*-C at the end of KS4 is a significant

determinant of NEET while progression into higher-level qualifications from vocational or lower-level

qualifications is dependent on GCSE attainment (Robinson 2019; Machin, McNally, and Ruiz-
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Valenzuela 2020). Identifying and characterizing the pathways to poor outcomes may assist policy-

makers in strategies to limit the damaging individual-level implications for health, long-term

employment and earnings prospects (Public Health England 2014; Robinson 2019). In doing so,

the economic repercussions may be alleviated, in terms of youth unemployment4 and precarious

employment, which has become an issue of policy concern following the recent growth in zero-

hours contracts, agency work or involuntary temporary employment in the UK (Standing 2011;

Farina, Green, and McVicar 2020).

In this paper, we incorporate the heterogeneity in the pathways through the education system

that individuals can take from school into the labour market by constructing the post-school tran-

sition histories of individuals in Next Steps [formerly the Longitudinal Study of Young People in

England (LSYPE)], a sample of the cohort who completed their compulsory schooling in England

in 2006. We consider the various combinations of qualifications studied and other activities, and

examine their early labour market experiences, in order to address three main research questions:

Firstly, what are the principal pathways taken through compulsory, further, and higher education

into the labour market by young people in England? Secondly, what are the earnings and employ-

ment differentials associated with the different pathways? We assess whether some routes lead to

better labour market outcomes than others for the same qualification level outcomes. Thirdly, can

the pathways that individuals follow after the end of compulsory schooling be robustly predicted

based on their characteristics while still at school? If pathways can be predicted, this provides us

with the opportunity to explore whether it is possible to identify the (groups of) individuals more

likely to make pathway choices which lead to poorer labour market outcomes, for example, NEET.

Methodologically, we make use of sequence analysis techniques (Abbott 1995) in order to

compare and contrast the different transitions through education and into work. Sequence data

are ordered lists of elements, where each element describes a particular state. Sequences are con-

sidered as whole entities, with the group of events treated as a single unit of analysis. Analysis of

such data is complex, in part due to the large number of different sequences that can occur.5

Sequence analysis techniques derive measures of ‘distance’ between different sequences which

can be used to group more similar sequences into clusters in order to reduce the dimensionality

of the analysis. In this paper, sequence methods allow us to consider individuals’ education out-

comes and early labour market experiences as a single entity, rather than treating them as distinct

and separate events. Our findings indicate that young people follow a range of diverse pathways

upon completion of compulsory education. A range of parental, family and individual characteristics

influence the pathway initially followed with gender, ethnicity, deprivation, individual and parental

attitudes and parental encouragement all playing a role in the likelihood of following a particular

pathway through post-compulsory education. However, these pathways are not strongly pre-deter-

mined at the age of 16, and there is potential to change trajectory one, two, or even three years after

leaving compulsory education.

The remainder of the paper is structured as follows. Section 2 provides a review of the education

to labour market transitions literature which applies sequence analysis. Section 3 gives an overview

of sequence analysis method and introduces the data. Section 4 presents the results of our analysis;

finally, Section 5 summarises and concludes.

2. Sequence analysis of education to employment transitions

There are a few previous applications of sequence analysis techniques in the economics of education

literature which have utilised these methods to study the transitions from education into the labour

market of young people in the UK. McVicar and Anyadike-Danes (2002) adopt sequence methods to

study the trajectories of individuals in Northern Ireland from school into work. Their analysis pro-

duced five distinct pathways described as (1) employment dominated; (2) higher education (HE)

dominated; (3) FE dominated; (4) joblessness dominated; and (5) long spell of vocational edu-

cation/training dominated. The fourth cluster is described as an ‘unsuccessful’ transition due to

EDUCATION ECONOMICS 3



the prevalence of joblessness, a definition we adopt in our own characterisation of pathways when

we distinguish between ‘successful’ and ‘unsuccessful’ pathways. McVicar and Anyadike-Danes

(2002) predict the probability of an individual experiencing each type of pathway. They find

males to be more likely to take the employment dominated pathway and find a strong positive

effect of achieving five or more GCSEs at grades A*-C on the likelihood of both HE and FE-dominated

transitions. Family background characteristics are also found to be influential in predicting the tran-

sition pathway, including the father’s employment status, living in a single-parent household, and

the father’s employment in a managerial or professional occupation. The paper concludes that

the individuals most at risk of eventually following an unsuccessful pathway are characterised by

poor qualifications, located in western Northern Ireland, unemployed fathers or fathers employed

in low-paying occupations, single-parent households, female, and Catholic backgrounds.

De Coulon et al. (2017) use sequence analysis to characterise the first three years of post-

compulsory education, using the Longitudinal Education Outcomes (LEO)6 administrative data

to analyse one cohort of school leavers in England, born during the 1994/95 academic year.

The analysis focuses on the 10% of individuals in the cohort who transition from school into

low-level vocational training (below Level 2). Four pathways are identified for this group: (1)

progression to higher-level vocational training; (2) progression to apprenticeships; (3) NEET

status; and (4) sustained employment. They find that achievement of a low-level qualification

can lead to better employment and earnings outcomes. Our study takes a similar approach,

but we consider all of the potential pathways young people can take immediately following

school, rather than focusing on those that a restricted set of individuals might select. Further-

more, our data sources contain a much richer set of variables which capture individual, parental,

and family background characteristics, measured prior to leaving school, with which we can

potentially explain the pathways individuals eventually follow upon leaving compulsory edu-

cation, as well as an analysis of outcomes from those pathways.

Anders and Dorsett (2017) similarly use sequence methods to study transitions into the labour

market. They use a number of cohort studies, including Next Steps,7 to construct sequences for

different cohorts of English school-leavers over a 30-year period. In contrast to this paper, they do

not use the final wave of Next Steps and therefore cannot follow those who go into higher education

prior to their entry into the labour market. Anders and Dorsett (2017) consider three broad pathways

termed: (1) Entering the Labour Market; (2) Acquiring Human Capital; and (3) Potential Cause for

Concern. Such a broad typology allows them to observe the same types of pathway over the

three-decade period they consider. However, their typology lacks any differentiation in the pathways

through education in which we are particularly interested. As in McVicar and Anyadike-Danes (2002),

Anders and Dorsett (2017) focus on the determinants of following each type of pathway and how the

transition from school into work has changed over time. They find indicators of low socio-economic

background to be a strong predictor of experiencing unsuccessful transitions.

Scherer (2001) and Brzinsky-Fay (2007) also use sequence methods to investigate labour market

transitions for the UK and also for West Germany (in Scherer 2001) and for other EU countries (in

Brzinsky-Fay 2007). Scherer (2001) utilises the German Socio-Economic Panel (GSOEP) and the

British Household Panel Survey (BHPS). The sequences analysed do not include spells of education,

the focus being on post-education transitions into the labour market. The paper finds that while

there are common sequence types, there are also unique pathways in each country. In addition,

the proportion of unemployment-dominated careers is much higher in the UK. Using European Com-

munity Household Panel (ECHP) data, Brzinsky-Fay (2007) partitions the set of pathways of individ-

uals who left school between 1993 and 2000 into meaningful groupings. As with Anders and Dorsett

(2017), he does not consider different types of education in any detail nor does he further model the

determinants of the membership of the resulting clusters. Interestingly, Brzinsky-Fay (2007) finds

that all of the clusters identified appear in every EU country in the data.8

In this paper, we contribute to the existing literature on transitions into the labour market using

sequence analysis by examining a relatively recent cohort of young people who not only have
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finished their schooling but have also had time to come to the end of their post-compulsory edu-

cation and to enter the labour market. We use the Next Steps data for its rich variety of background

characteristics such as those which were found to be important determinants of transition pathways

by McVicar and Anyadike-Danes (2002) but which are not generally available in administrative data

such as that used by De Coulon et al. (2017). By incorporating the recently released final wave of Next

Steps into our analysis, we are able to examine a longer set of sequences than other studies have

considered, covering a nine-year period from age 16 in 2006 to age 25 in 2015. The data allows

us to not only model the determinants of the pathways we identify but also to analyse the labour

market outcomes associated with these different pathways.9

3. Data and methodology

3.1 Data

We make use of the Next Steps data collected from the cohort of individuals born during the 1989/

1990 academic year. This is linked to information on prior attainment from the NPD.10 The advantage

in using the Next Steps data is its breadth of information about the individual, their aspirations and

attitudes, family background, and parental attitudes, all of which are potentially informative about

the decisions and constraints young people face at the end of their compulsory schooling and as

they transition into the labour market. Next Steps also contains information on labour market out-

comes at age 25, including employment status and earnings.

Initially, 15,770 individuals were interviewed in Next Steps Wave 1, when they were in Year 9 aged

13/14. Following Anders and Dorsett (2017), we remove individuals lost to the sample through attri-

tion. We construct sequences of individuals’ monthly activities from Next Steps Waves 4–7 (i.e. from

September 2006, the first month of the academic year commencing after the Next Steps cohort have

completed their compulsory education, up until May 2010), yielding sequences of length 45

elements (months) for each individual. We combine the histories files with wave-specific information

on the type of qualifications being studied if the individual is in education. In constructing our

sequences, we use data from individuals who remained in the sample up to Wave 7, yielding

8234 individuals. This number falls further when we combine the sequence data with outcomes

from Next Steps Wave 8 at age 25. In Wave 8, just under 50% of the initial sample provided

responses.

We address the issue of attrition by applying probability weights throughout all of our

regressions. We use a logit model to estimate, firstly, the probability that an individual from the

full original sample of 15,770 remains in our sample of sequences as a function of characteristics

observable in Wave 1. We then use the inverse of the predicted probabilities to construct an attrition

weight for the analysis of the determination of pathway taken. We estimate an additional attrition

model for the individuals who remain in Wave 8 from our sample of sequences, in order to construct

a similar weight for our outcomes analysis, based on the inverse of the product of both of these prob-

abilities. This second attrition model uses the same Wave 1 information as the first attrition model

and additionally includes characteristics observable up to Wave 7.

3.2 Methodology

3.2.1 Sequence and cluster analysis

We are interested in characterising and modelling the sequence of events and the pathway that an

individual takes to reach a given outcome. In such a setting, typical panel data econometric tech-

niques are undesirable since their strengths lie in modelling a particular individual’s status at a

given point in time. We alternatively employ sequence analysis techniques to evaluate the myriad

of different pathways that individuals can take through the education system into the labour

market. A sequence is an ordered list of elements, where each element records a particular state
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or status. These sequences are considered collectively as an entity, rather than having regard to their

individual elements. Sequence analysis identifies groups of individuals with more similar ordered

lists of elements. Scoring algorithms are used to decide the degree to which any two individuals’

sequences are similar. For the purpose of further analysis, similar sequences are then grouped

together by cluster analysis.

A more comprehensive description of sequence analysis is provided in the online Appendix. For a

particularly detailed discussion and comparison of the different approaches to sequence analysis,

see Studer and Ritschard (2016).

This paper addresses our research questions in a three-stage analysis. In the first stage, we obtain

the dissimilarity matrix containing the costs associated with transforming each pairwise comparison

of sequences. We then perform a cluster analysis to group more similar sequences (i.e. individuals’

histories) together based on their (dis)similarities. In the second stage of our analysis, we identify the

labour market outcomes (at age 25) associated with these groups of individuals by including cluster

indicators as explanatory variables in standard (Mincerian) wage and employment regressions. The

final stage of the analysis is to estimate a multinomial logit model to predict the pathways individuals

typically follow based on their observable prior characteristics – that is, their characteristics while still

in compulsory schooling. These characteristics can potentially be targeted by policymakers in order

to maximise the chances of young people experiencing transitions through post-compulsory edu-

cation and into the labour market which are associated with ‘good’ labour market outcomes.

In the initial stage of our empirical work, we construct sequence data which describe the tran-

sitions young people make from school to the labour market by age 25. We use the Next Steps

Wave 7 activity history files to construct monthly sequences of activity. Education is one category

of activity in the history files. In order to obtain more detailed information on the type of education

individuals are undertaking, we use the main interview file of each wave and allocate to each indi-

vidual the highest qualification they are studying (as recorded in the RQF) in that wave to the cor-

responding months of their sequence.

The nine possible states an individual can be in at a given point in time in the sequence are listed

in Table 1, along with the labels used for each of the states and the percentage of the (8234 individ-

uals by 45 months = 11) 370,530 elements in each state. One of the states is defined as ‘Unknown’,

comprising around 1% of the total number of sequence elements and representing months

where there was no activity history recorded. Such observations can be left missing and dealt

with in the sequence analysis using insertions or coded as a distinct state with its own specified

indel and substitution costs.12 We take the latter approach. Education is subdivided into five cat-

egories: GCSEs (GCSE); vocational qualifications below Level 3 (VBL3); vocational qualifications at

Level 3 (VL3); A-Levels (ALEV); and Level 4+ qualifications including higher education (HE). The

latter category overwhelmingly consists of individuals while attending university. A negligible

number of individuals in this category take higher-level vocational qualifications but not in large

enough numbers to form a distinct category. Individuals can potentially study a combination of

Table 1. Possible states and activities in the sequence data.

State Activity Label Percent

1 A-Levels ALEV 29
2 Apprenticeship/Training APPR 4
3 Employment EMPL 20
4 GCSE (when not taken with other qualifications) GCSE 2
5 Higher Education and Level 4+ Vocational HE 19
6 Not in Education, Employment, or Training NEET 8
7 Unknown (activity data missing) MISS 1
8 Vocational qualifications Below Level 3 VBL3 11
9 Vocational qualifications at Level 3 VL3 7

TOTAL 100
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qualifications which means the education categories are not mutually exclusive, so individual

elements are categorised by the highest RQF level being attempted at that point in time.

Having constructed our sequence data, we next calculate measures of dissimilarity between each

pairing of the sequences in our data. This requires the specification of the indel and substitution

costs. We take a data-driven approach to assigning these costs. Following Studer and Ritschard

(2016) we set indel costs independently for each state where the cost is a monotonic – logarithmic

– function of the inverse of the frequency, fi, of state observations. Substitution costs between any

two states are equal to the sum of the respective indel costs. The indel costs, cI(.), and substitution

costs, cS(., .), are therefore defined as:

cI(i) = log
2

1+ fi

( )

cS(i, j) = cI(i)+ cI(j)

Indel costs are state-dependent and set to be inversely proportional to the frequency, fi, of observing

the state in the data. This approach has the benefit of being completely data driven, with no sub-

jective determination of parameters by the researcher thus removing the criticism of subjective

bias being introduced into the analysis. Further, since costs are data-driven, it also introduces con-

sistency into the costs of an editing operation – substitution of state a with state b can only be done

at a single fixed cost. If indel costs were fixed and constant across states, then a deletion of state b

and insertion of state a may have a different cost to the substitution of state a for state b. Table 2

presents the indel and substitution costs.13

We explore a number of the algorithms (as discussed in detail in the online Appendix), using the

classical optimal matching (OM) algorithm as well as optimal matching of spells (OMspell), optimal

matching of transitions (OMstran), and Dynamic Hamming Distances (DHD). In our main results, we

use the output of the OMstran algorithm with the w parameter set to 0.5, giving equal weight to the

origin state and to the type of transition, as discussed in the Appendix. We simply use the substi-

tution costs presented in Table 2 for the transition costs required for OMstran, i.e. we set.

cT (a � b) = cS(a, b).

Finally, we perform cluster analysis of the dissimilarity matrix obtained from the sequence analysis

which combines the data into a smaller number of manageable groupings for further analysis. While

each resulting cluster will consist of pathways which differ from each other, each sequence is

grouped with other sequences which are more similar to each other than to the sequences in the

other clusters. There is consequently a trade-off between reducing within-cluster heterogeneity

and maintaining a sufficiently small number of clusters for meaningful analysis. We use an agglom-

erative (bottom-up) hierarchical clustering approach. Under this approach, each observation (or

sequence) is initially considered its own cluster. Clusters are then combined sequentially, at each

Table 2. Sequence indel and substitution costs.

Panel A: Indel costs vector

State: ALEV APPR EMPL GCSE HE NEET MISS VBL3 VL3

0.44 0.65 0.51 0.68 0.52 0.61 0.69 0.50 0.63
Panel B: Sequence substitution cost matrix
ALEV 0.00 1.09 0.95 1.12 0.96 1.05 1.13 1.03 1.07
APPR 0.00 1.16 1.33 1.17 1.26 1.34 1.24 1.28
EMPL 0.00 1.19 1.04 1.13 1.20 1.10 1.14
GCSE 0.00 1.20 1.29 1.36 1.27 1.30
HE 0.00 1.14 1.21 1.11 1.15
NEET 0.00 1.30 1.20 1.24
MISS 0.00 1.28 1.31
VBL3 0.00 1.22
VL3 0.00
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stage finding the ideal pairing of clusters to merge based on an objective function. We choose the

Wards method, which at each stage minimises within-cluster variance. This is chosen to give us the

most homogenous clusters possible at each stage. McVicar and Anyadike-Danes (2002) and Scherer

(2001) also both use hierarchical clustering, while Anders and Dorsett (2017) use the non-hierarchical

k-medians approach.

3.2.2. Pathway outcomes and determinants analysis

We next use the categorical variable indicating their cluster as an explanatory variable in regression

models of outcomes at age 25. This stage of the analysis addresses our second research question.

These regressions indicate the conditional outcomes associated with each pathway, allowing us

to categorise the pathways in terms of the employment and earnings outcomes they lead to. We

consider three outcome variables; log weekly income, log hourly wage of individuals in employment,

and the probability that an individual is observed in employment at the time of their Wave 8 inter-

view. The first two outcomes are modelled using OLS regression, and the third by logit, from which

we recover marginal effects.

Formally, we estimate three equations:

log (yi,25) = a+

∑

k

bkCLUSTER
(k)
i + dXi + gZi + 1i

log (wi,25) = a+

∑

k

bkCLUSTER
(k)
i + dXi + gZi + 1i

Prob( EMPLi,25 = 1) = L a+

∑

k

bk CLUSTER(k)i + dXi + gZi + 1i

( )

where y is total weekly income at age 25, w is the hourly wage (conditional on employment) at age

25, and EMPL is a dummy variable indicating that the individual is observed in employment at age 25;

X is a vector of background characteristics including gender, ethnicity, government office region,

and whether or not the individual has received any on the job training since the wave 7 interview;

Z comprises variables measuring prior attainment – standardised point scores at Key Stages 2, 3, and

4, and indicators for having obtained a Grade C or above in GCSE Maths and English.

The final stage of analysis addresses our final research question; we identify the characteristics of

individuals, while they are still in school, which are significant predictors of the pathways that they

ultimately follow and construct a model aiming to predict as accurately as possible the pathway that

an individual will follow. Similar to the existing literature, we jointly estimate the probability that an

individual takes each of the pathways identified in our cluster analysis in a multinomial logit frame-

work. With our pathways composed of sequences beginning in the autumn after the individual com-

pletes compulsory schooling at age 16, we use a rich set of background characteristics available to us

when the cohort were aged between 14 and 16 (Waves 1, 2 and 3 of the Next Steps surveys linked

with the NPD) to construct an empirical model which predicts the pathway the individual followed.

We also consider the ability of subsets of variables independently to predict the pathway the indi-

vidual takes.

We consider a range of individual and family characteristics alongside the attitudes and beha-

viours of the young person and of their parents and school characteristics. In addition, given the

role that educational attainment plays in allowing for progression through different routes of edu-

cation (Collier, Valbuena, and Zhu 2018; Stopforth, Gayle, and Boeren 2021), we explore the role of

attainment measures including the number of GCSEs at A*-A, B-C, and D-G, A*-C GCSE in Maths, A*-C

GCSE in English, overall KS4 point score, KS3 and KS2 English and Maths. Gender differences exist in

the route through post-compulsory education and within routes, in subject choice (McDool and

Morris 2020), thus the role of gender in determining the pathways taken is explored. Similarly, the
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role of ethnicity is examined since not only does the level of education obtained vary by ethnic

group but so does labour market participation and returns (Metcalf 2009). We also explore the

role of SEN which is associated with poor outcomes such as NEET (Powell 2018), in addition to gov-

ernment office region due to the role of local labour markets and access to educational institutions

which may vary by region. Family background characteristics include FSM and the index of multiple

deprivation (IMD) to measure socio-economic disadvantage which significantly influences attain-

ment (Vignoles and Meschi 2010) though arguably fail to capture the multi-dimensionality of

social advantage (Stopforth, Gayle, and Boeren 2021) and the likelihood of staying on in education

(Hupkau et al. 2016); we therefore also examine household tenure which is associated with school

outcomes (Gayle, Murray, and Connelly 2016) and home access to computer and/or internet as a

proxy for educational resources available in the home learning environment. We also explore the

influence of living in a single-parent household and parental occupation since McVicar and Anya-

dike-Danes (2002) identify that fathers that are unemployed or employed in low paying occupations

and single-parent households put individuals at greater risk of eventually following an unsuccessful

pathway. In addition to parental background characteristics, we consider the number of parents

attending parents evening and the parents’ aspirations for the young person at age 16, as proxies

for general parental engagement which is positively associated with school progress (Feinstein

and Symons 1999) and is likely to influence positive attitudes towards pathways involving remaining

in education. Furthermore, we explore the role of individual attitudes and behaviours including risk

factors (a 1–8 scale indicating the number of self-reported risky behaviours engaged in including

smoking, drinking, cannabis, graffiti, and shoplifting) since engagement in risky behaviours has

adverse effects on outcomes at age 18, including NEET (Campbell et al. 2020). In addition to

taking vocational qualifications at school which may increase the likelihood of continuing on a voca-

tional path of study or training, we observe the relationship between the reported likelihood of

applying to university and the advice on continuing in FE from parents, family, siblings, friends, tea-

chers, and careers advisors on the pathway taken since aspirations and advice are both likely to

influence the likelihood of taking particular pathways (Dickerson, Maragkou, and McIntosh 2018).

Finally, we explore school characteristics, in particular, the school’s: proportion of pupils with 5

A*-C GCSE attainment, proportion of pupils receiving FSMs and the proportion of non-white

pupils. The ability and socio-economic background of school peers has an influential role in an indi-

vidual’s aspirations to follow a particular route through post-compulsory education, conditional on

their plans to remain in education (Dickerson, Maragkou, and McIntosh 2018).

4. Analysis

We present our analysis in three stages. First, we present descriptive statistics of the sequences and

results of the cluster analysis on the dissimilarity matrix as discussed in the previous section, before

assessing the labour market outcomes associated with the different pathways by modelling out-

comes at age 25 as a function of pathway taken, controlling for qualifications taken. Finally,

having identified the labour market returns to each pathway, we present our analysis of the deter-

minants of the pathway taken.

4.1 Sequence analysis and clustering

Figures 1 and 2 summarise the sequence data in an index plot and a distribution plot, respectively.

Figure 1 plots each sequence in the data, each individual represented by a horizontal line indexed on

the y-axis, which represents the number of observations. Sequences are arrayed vertically in order of

similarity to the modal sequence in the data which is two years of A-Levels (ALEV) followed by a con-

tinuous spell of higher education (HE) as the individual progresses onto university. Figure 2 shows

the proportion of the sequences distributed across states at each point in time. Almost 60% of

the sample begin their sequence in the A-Level state (ALEV), falling to around 40% by the end of
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the first 24 months. Around 25% of the sample begins the period in some form of vocational edu-

cation – predominantly taking qualifications below Level 3 (VBL3), though this proportion reduces

and the proportion studying at Level 3 (VL3) increases one year into the sequences. As shown in

Figure 1, this is due to progression – some individuals advance from Level 2 vocational qualifications

in the first year out of school to Level 3 qualifications in the second year. Note that, while the analysis

Figure 1. Full sample sequence index plot.

Figure 2. Full sample sequence distribution plot.
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is based on individuals’ 45 monthly records of their activities, many of the transitions observed are at

the beginning of the school/academic year in September.

A smaller fraction of individuals begins an apprenticeship (APPR) or are observed re-sitting GCSE

qualifications (GCSE) without undertaking additional vocational or academic qualifications. Although

the Next Steps cohort pre-date the requirement for young people to remain in education or training

until age 18, around 90% of the sample are observed doing so.14 The remaining 10% of the sample

are observed progressing directly into employment or a minority into NEET status. As would be

expected, over time we observe an increase in the proportion of individuals in employment or

NEET status as they leave FE.15 Those not in any form of education or training by the end of the

sequences account for around 40% of the sample, of which around three quarters are

in employment and the remainder NEET with a negligible number of unknowns. Just over 40% of

the sample are observed in HE from September 2009 (or the fourth-year post-school), a

noticeable increase from the approximately 35% who enter HE in September 2008, suggesting a sig-

nificant number of individuals who take a gap year or undertake three years of FE before progressing

into HE.

The choice of number of clusters to use for the subsequent analysis represents a trade-off

between parsimony and reducing within-cluster heterogeneity in the composite sequences. The

smaller the number of clusters, the greater the variation in sequences within clusters. Alternatively,

too many clusters will produce a large number of pathways which may not be sufficiently differen-

tiated. Following McVicar and Anyadike-Danes (2002) we therefore initially produced a larger

number of clusters (12) than we intended to use to identify the key pathways and then reduced

the number of clusters while still keeping the key pathways of interest in distinct clusters. This

approach produced six clusters. Figures 3 and 4 show the sequences when divided into the six

groups obtained from the cluster analysis applied to the dissimilarity matrix.

Figure 3 shows index plots for each cluster analogous to the aggregate index plot presented in

Figure 1. Figure 4 is a modal plot, showing the modal state at each point in time separately for each

of the six clusters. These six clusters represent our typology of educational pathways which we

characterise as follows.

Figure 3. Six-pathway typology sequence index plots – 45-month sequences.
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Pathway 1 (P1): Employment dominated – Early labour market entry either immediately after school or within two

years after some initial FE. Sequences allocated to this cluster: 22%

Pathway 2 (P2): NEET dominated – Immediate entry into permanent NEET status or entry after a spell of predo-

minantly low-level education or in some cases a short apprenticeship or employment spell. Sequences allocated

to this cluster: 6%

Pathway 3 (P3): Below Level 3 Dominated – Mostly starting with below Level 3 vocational education, or GCSE re-

sits. Some progression to employment or vocational Level 3. Sequences allocated to this cluster: 11%

Pathway 4 (P4): Apprenticeships – Spells of apprenticeship training, often following a spell of A-level or vocational

study. Sequences allocated to this cluster: 4%

Pathway 5 (P5): Vocational Level 3 to HE – Level 3 vocational qualifications, often combined with A-Levels, mostly

leading to progression to HE. Sequences allocated to this cluster: 10%

Pathway 6 (P6): A-Levels to HE – The ‘standard’ academic route – mostly two years of A-Levels followed by pro-

gression to HE. Sequences allocated to this cluster: 46%

As illustrated in Figure 3, in the employment dominated pathway (P1), almost all individuals are in

employment two years after leaving compulsory education. Some of these individuals progress to

employment straight from compulsory education, but these are in the minority. An even smaller

number experience an initial spell as NEET but within the first year mostly enter into employment.

The majority of individuals spend at least a year in some form of post-compulsory education. For the

first year, as shown in Figure 4, the modal education state is A-Levels, with around 700 individuals in

Figure 4. Six-pathway typology modal plot of sequences.
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this cluster starting A-Level study. There are, however, a noticeable number of apprentices and indi-

viduals studying vocational qualifications either below or at Level 3. In the former case, education

lasts at most up to a year before labour market entry, while in the latter it more often lasts two

years. The other pathway clusters can be similarly described. Clearly, the A-levels to HE pathway

(P6) dominates.16

Figures 3 and 4 indicate a potential problem in attempting to predict the pathways individuals

take based on their characteristics while still at school. This issue stems from the heterogeneity

evident in the clusters. For example, the two most observed states in the first months – vocational

below Level 3 (VBL3), and A-Levels (ALEV) – are prevalent in a number of the pathways. Across the

first five pathways in Figure 3, vocational below Level 3 leads on to employment, NEET status,

apprenticeships, or vocational qualifications at Level 3. Even if individuals’ characteristics and test

scores at age 16 may be able to accurately predict those more likely to take lower-level vocational

qualifications immediately after completing compulsory education, it is probably the subjects

studied and subsequent education performance which will determine the pathway which is followed

beyond that. This suggests that predicting entire pathways on the basis of characteristics observable

at age 16 may be difficult. In the case of vocational qualifications below Level 3, the model could

allocate the individual between any one of four or five pathways, unless prior characteristics are

strongly associated with both subject and performance and potential changes in preferences over

time through experience of studying the qualification. This is likely to be a strong assumption

and we investigate this further below.

4.2 Analysis of pathway outcomes

Table 3 presents the results from the Wave 8 labour market outcome equations.17 We model three

outcomes: weekly income, hourly wage and employment, and estimate three specifications for each;

starting with pathway indicator dummies only. We add a basic set of demographic characteristics18

then a set of controls capturing innate ability and educational attainment at age 16.19 In the third

specification, we, therefore, obtain the impact of pathway taken on outcomes over and above differ-

ences in both observable characteristics at age 25 and in ability as proxied by educational achieve-

ments while in compulsory education. The coefficients in all models report the impact of taking the

respective pathway relative to the base category which is those individuals who follow Pathway 6

(P6): A-Level to HE.

Examining first the baseline specifications in columns (1), (4) and (7), all coefficients on the

pathway indicators are negative and statistically significant when examining weekly income and

hourly wages. This indicates that the pathway P6: A-Levels to HE is associated with a significantly

higher overall weekly income and higher hourly wage than the other pathways.20 Even for those

who follow P5: Vocational Level 3 into HE – which attains the same RQF level as P6 – there is a nega-

tive differential in weekly income (hourly wages) of 9% (14%). Unsurprisingly, those who experience

P2: NEET-dominated pathway face the largest penalty, of around 26% in weekly income and 29% in

hourly wages relative to P6: A-Levels to HE. Notably, those whose pathway is predominantly below

Level 3 in the first few post-compulsory years do not earn hourly wages significantly different from

the NEET group at age 25, though their overall weekly income is significantly higher.

In this baseline specification, there are few differentials in the age 25 employment probability

across pathways. The likelihood of being employed at age 25 does not significantly differ

between those who followed P6: A-Level to HE, and P1: Employment, P4: Apprenticeship, and P5:

Vocational Level 3. However, those who undertook low-level vocational education or were predomi-

nantly NEET in their initial years after compulsory schooling are still significantly less likely to be

employed at age 25. This differential for P2: NEET-dominated (−19%) is more than double that for

P3: Below Level 3 group (−9%). Thus, while the below Level 3 group do have poorer employment

prospects on average than those who progress directly into employment/training or higher-level
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Table 3. Age 25 (Wave 8) labour market outcomes by pathway.

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Income Income Income Wage Wage Wage Empl (logit) Empl (logit) Empl (logit)

P1: Employment −0.022*** −0.083*** −0.017*** −0.188*** −0.156*** −0.055*** −0.011 0.023** 0.027**
(0.008) (0.006) (0.006) (0.015) (0.015) (0.016) (0.011) (0.012) (0.012)

P2: NEET dominated −0.262*** −0.255*** −0.130*** −0.287*** −0.244*** −0.049 −0.192*** −0.073*** −0.059**
(0.018) (0.014) (0.014) (0.034) (0.033) (0.036) (0.031) (0.023) (0.025)

P3: Below Level 3 −0.142*** −0.141*** −0.036*** −0.274*** −0.230*** −0.073*** −0.090*** −0.027* −0.024
(0.013) (0.010) (0.009) (0.020) (0.019) (0.021) (0.019) (0.016) (0.018)

P4: Apprenticeship −0.105*** −0.152*** −0.077*** −0.065** −0.043 0.067** 0.002 0.024 0.026
(0.017) (0.014) (0.013) (0.031) (0.029) (0.028) (0.022) (0.022) (0.022)

P5: Vocational L3 to HE −0.088*** −0.059*** −0.006 −0.143*** −0.126*** −0.055*** −0.013 0.004 0.004
(0.013) (0.009) (0.008) (0.020) (0.020) (0.019) (0.015) (0.016) (0.016)

Personal characteristics No Yes Yes No Yes Yes No Yes Yes
Prior attainment No No Yes No No Yes No No Yes
N 4987 4987 4987 3765 3765 3765 4985 4985 4985

1. Columns (1) to (3) show the results of OLS log weekly income equations, columns (4) to (6) show OLS log hourly wage equations – conditional on employment – and columns (7) to (9) show
marginal effects from logit models of employment status.

2. Base category is P6: A-Levels to HE.
3. Personal characteristics controls are: gender, ethnicity, Government Office Region where the individual lives at age 25, dummies for receipt of state benefits and for receipt of any on-the-job
training. Prior attainment controls are: standardised point scores at ages 11, 14, and 16, dummies for obtaining a grade C or above in GCSE Maths and GCSE English.

4. Standard errors in parentheses: * p < 0.1, ** p < 0.05, *** p < 0.01.
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education, there is still some advantage in taking these low-level routes relative to not being in

employment or training at all.21

Adding in basic control variables as in columns (2), (5) and (8) has a small or negligible impact. The

negative income differentials widen for those who followed P1: Employment and P4: Apprenticeship

while the income differential for P5: Vocational Level 3 to HE narrows slightly. The hourly wage differ-

entials are also largely unchanged, reducing in magnitude slightly for each pathway but not signifi-

cantly so when compared to the baseline specification. Differentials also narrow in employment

probabilities, in particular the conditional probability of being in employment for P2: NEET relative

to P6: A-Levels to HE, falls from −19% to −7%, and also falls from −9% to −3% for P3: Below Level 3,

and is only significantly different from zero at the 10% significance level. Including controls produces

a small positive employment probability differential for those in P1: Employment dominated with a

2% higher likelihood of being in employment relative to P6: A-Levels to HE.

When controlling both for characteristics and prior attainment, in the third specification, the

income and wage differences change somewhat. For log weekly income, the negative differentials

in column (3) are substantially attenuated for each pathway relative to the base category. The sig-

nificant difference in log weekly income between P6: A-Level to HE and P5: Vocational Level 3 to

HE is negligible and insignificantly different from zero. The negative income differential for P1:

Employment falls from −8% to −2%, and for the P3: Below Level 3 falls by 10 percentage points

from −14% to −4%. The negative differentials for P2: NEET and P4: Apprenticeship is reduced by

approximately 50 percent, from −26% to −13%, and from −15% to −8% respectively, but are still

large and statistically significantly different from zero.

Similarly, large decreases in the magnitude of the negative differentials in log hourly wages are

observed when including a full set of controls as in column (6). For pathways P5: Vocational Level 3 to

HE, P3: Below Level 3, P1: Employment, and P2: NEET, significant decreases are observed with all of

the differentials falling in the −5% to −7% range. A particularly noticeable change is that the differ-

ential associated with P4: Apprenticeships becomes positive, associated with a 7% higher hourly

wage than P6: A-Level to HE. This suggests that the relatively low hourly earnings from the appren-

ticeship route are due largely to differences in prior ability (as measured by qualifications attained

while in compulsory schooling). If an apprentice is compared to a cluster member of P6: A-Level

to HE, with the same prior ability, their hourly wages are greater on average. This finding for +7%

higher wages for P4: Apprenticeship pathway wages contrasts with the −8% differential in weekly

income relative to the P6: A-Level to HE group.

There are two potential explanations for the differences in income and wages for the P4: Appren-

ticeship pathway. Firstly, while having higher hourly earnings in employment, apprentices may work

fewer hours on average. Secondly, the impact of self-employment, which apprentices have a much

higher propensity for relative to other groups (double the likelihood of self-employment compared

to the next most likely group). Self-employed individuals do not report hourly wage data in LSYPE

and so the hourly wage results may be ignoring a substantial group of relatively low-earning self-

employed former apprentices. However, Table A3 in the online Appendix suggests that it is unlikely

to be due to low-earning self-employed workers, as restricting the income equations to the same

estimation sample as that for hourly wages – i.e. estimating for employees only and removing the

self-employed – produces almost identical results for income.

When controlling both for personal characteristics and prior attainment, the findings for the

differentials in employment rates are relatively little changed from controlling for characteristics

only. Once prior ability is taken into account, those who followed the P1: Employment pathway

have a 3% higher likelihood of being in employment, while those who experienced the P2: NEET

dominated pathway are around 6% less likely to be in employment at age 25 than the P6: A-

Levels to HE pathway cluster members.

Overall, these results indicate that even after controlling for a wide range of characteristics and

ability (as reflected in prior attainment), the adverse consequences of the NEET-dominated

pathway are strongly evident in poorer outcomes for employment and, relatedly, weekly income
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at age 25. However, those who follow this pathway but manage to secure employment at age 25 are

not particularly negatively impacted in terms of their (conditional) hourly wages relative to others,

although the ‘protective factor’ of employment is harder to attain for this group of course: 15% of the

P2: NEET pathway group are unemployed at age 25 as compared to an average of 5% across the

other pathways. The P4: Apprenticeship pathway has positive wage outcome even compared to

those who achieve a higher level of qualification by age 25 via HE, and hence as a pathway from

education into employment seems to be particularly advantageous, consistent with the findings

of McIntosh and Morris (2018), Cavaglia, McNally, and Ventura (2018), and Speckesser and Xu

(2022). Finally, other routes into the labour market have quite similar outcomes in terms of

wages, income and employment probability relative to P6: A-level to HE, at least at age 25. Therefore,

with the exception of NEET, the heterogeneity in the pathways chosen from education into employ-

ment is perhaps of less consequence than might first be apparent.

4.2.1 Oster (2019) bias-corrected estimates of pathway outcomes

One potential caveat to the results discussed above is the potential effect of unobserved heterogen-

eity impacting on the coefficients reported in Table 3.22 First, it should be noted that in the LSYPE

data, we have a very rich set of control variables which should help to limit the potential bias

from unobserved confounders. Moreover, we also have good measures of ability as captured by

prior attainment which has previously been shown to be a strong determinant of the three

labour market outcomes under investigation. None-the-less, the observed correlations between

the pathways through post-compulsory education and labour market outcomes at age 25 could

be biased as a result of ‘selection on unobservables’ – i.e. factors which impact on the choices of

pathways and also on outcomes. We, therefore, employ the methodology of Oster (2019), itself an

extension of earlier methods developed by Altonji, Elder, and Taber (2005), in order to investigate

the robustness of the results in Table 3 to this potential bias.

The identification issue is that there may be unobserved characteristics, such as motivation, which

determine both labour market outcomes and the education pathway taken and thus bias the esti-

mated coefficients on the pathways. The Oster method can be used to construct estimates of the

bias-adjusted coefficients and is based on the notion that the (direction and) magnitude of the

bias from unobserved variables is reasonably assumed to be proportionately related to that from

the included observed variables (including any proxies for the unobserved variables). While many

applied researchers argue this heuristically in their discussion of ‘robustness’ around coefficient stab-

ility as additional control variables are added to their regressions, Oster (2019) formalises this argu-

ment, and shows that the bias can be related to the change in the coefficient of interest and the

associated change in the explanatory power of the regression as control variables are added.

Specifically, Oster (2019) demonstrates that a bias-adjusted ‘treatment’ effect b∗ can be approxi-

mated as23:

b∗
≈ b̃− d(ḃ− b̃)

Rmax − R̃

R̃− Ṙ

( )

where Ṙ and ḃ are the R-squared and point estimate from the baseline regression without additional

controls, and R̃ and b̃ are the corresponding parameters with the full set of controls. δ is the coeffi-

cient of proportionality which defines how strong the effect of the unobservables is, relative to the

observables. A sensible upper bound for this parameter is d = 1, indicating that the effect of the

unobservables is just as large as the impact of the observables. Rmax is the R-squared from the

hypothetical model which includes all observable and unobservable determinants of the

outcome. Oster (2019) suggests setting Rmax = min{1.3R̃, 1} to reflect any variation in the dependent

variable resulting from choices made after the independent variables were determined, or measure-

ment error in the dependent variable, which would mean that the theoretical upper bound would

not be Rmax = 1.
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We have employed these techniques for all three outcomes measures of interest – weekly

income, hourly wages, and employment probability. For the latter, given that the Oster method is

only applicable to linear regression models, we have re-estimated the logit models for employment

using a linear probability model (LPM) specification. These LPM estimates differ little from the mar-

ginal effects from the logit specification as presented in Table 3. We condition our robustness analy-

sis on prior achievement scores at KS2 and KS3 which are capturing innate ability determined before

pathway selection (‘additional controls’ in Oster 2019). Finally, standard errors for b∗ can be obtained

by bootstrapping, and we report those obtained from 1000 replications in each case.

The results from employing the Oster method are reported in Table 4 for the three outcomes of

interest. We consider two variants; first {d = 0.5, Rmax = 1.3R̃} which corresponds to the unobserva-

bles being half as important as the observables and, second {d = 1.0, Rmax = 1.3R̃} such that the

unobservables and observables are assumed to have equal impact on the pathway selection.

For weekly income, the estimated negative income differentials associated with the other path-

ways relative to the omitted pathway P6: A-level to HE are numerically greater when we allow for the

potential impact of unobservable confounders, particularly for the pathway which is dominated by

employment (P1). If greater variance is permitted due to unobservables (column (3) vs column (2)),

the negative differentials relative to P6 are estimated to be even larger. These results suggest that, at

least for weekly income, the advantage accruing to those who transition through A-levels to HE may

be even greater than indicated in Table 3.

For hourly wages, the potential impact of unobservables seems to be fairly small. Relative to the

OLS results in column (4), those in column (5) (with d = 0.5) are similar in magnitude and statistical

significance, but with some slight attenuation towards zero (with the exception of P5). When we

allow for larger unobservable effects, as in column (6), a similar pattern is observed as in column

(5), but with some loss of significance particularly for P1 and P4 which are no longer statistically sig-

nificantly different from the baseline P6.

Finally, for employment, both the magnitude and the statistical significance for the differential

between pathways P1 and P2, and P6 are little changed when we allow for the potential bias

from unobservable variables as in columns (8) and (9). They remain positive for those who selected

pathway P1: Employment, and negative for those on pathway P2: NEET.

We conclude that, while there may potentially be some differences in the estimated pathway

coefficients due to unobservables, these are not likely to be sufficient to overturn the tenor of the

results reported in Table 3.

4.3 Analysis of pathway determinants

We now turn to investigate the individual, family and household characteristics, behaviours and atti-

tudes at ages 14–16, which predict the pathway that individuals choose from age 16. In particular, we

explore the characteristics that are most strongly associated with poor labour market outcomes.

There is a substantial base of evidence which examines the determinants of educational attainment

such as socio-economic status and childhood circumstances (Goodman and Gregg 2010; Stopforth,

Gayle, and Boeren 2021). This literature generally finds that children from less advantaged back-

grounds achieve lower levels of education, and this is a concern to policymakers as educational

attainment allows or disallows progression through some pathways. For example, GCSE achieve-

ment determines the ability to participate in different types of education and the opportunity to

engage with other forms of training which has implications for labour market options and

thereby social mobility (Machin, McNally, and Ruiz-Valenzuela 2020). Educational attainment is there-

fore likely to influence the pathway taken into the labour market, although individual characteristics

are also likely to also influence the decisions that an individual makes and the pathways that they

take, with some, in turn, leading to poor outcomes such as NEET. It is important for policymakers

to understand which pathways are most likely to lead to poor outcomes but also who is more

likely to take these pathways and the characteristics that put individuals at risk. Policies to intervene
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Table 4. Bias-adjusted coefficients based on Oster (2019).

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Income Income Income Wage Wage Wage Empl (LPM) Empl (LPM) Empl (LPM)

d = 0.5 d = 1 d = 0.5 d = 1 d = 0.5 d = 1
Rmax = 1.3R̃ Rmax = 1.3R̃ Rmax = 1.3R̃ Rmax = 1.3R̃ Rmax = 1.3R̃ Rmax = 1.3R̃

P1: Employment −0.017*** −0.048*** −0.084*** −0.055*** −0.047*** −0.036 0.029** 0.030** 0.030**
(0.006) [0.007] [0.009] (0.016) [0.018] [0.025] (0.013) [0.014] [0.015]

P2: NEET −0.130*** −0.138*** −0.147*** −0.049 −0.049 −0.049 −0.091*** −0.078** −0.063*
(0.014) [0.015] [0.017] (0.036) [0.037] [0.040] (0.030) [0.031] [0.034]

P3: Below Level 3 −0.036*** −0.048*** −0.062*** −0.073*** −0.069*** −0.064** −0.031 −0.027 −0.023
(0.009) [0.011] [0.013] (0.021) [0.025] [0.027] (0.020) [0.021] [0.022]

P4: Apprenticeship −0.077*** −0.094*** −0.111*** 0.067** 0.061** 0.053 0.028 0.026 0.024
(0.013) [0.014] [0.014] (0.028) [0.029] [0.033] (0.022) [0.023] [0.025]

P5: Vocational L3 to HE −0.006 −0.003 0.000 −0.055*** −0.066*** −0.079*** 0.003 0.000 −0.003
(0.008) [0.009] [0.010] (0.019) [0.020] [0.023] (0.015) [0.016] [0.017]

Personal characteristics Yes Yes Yes
Prior attainment Yes Yes Yes
R2 0.617 0.214 0.102
N 4987 4987 4987 3765 3765 3765 4985 4985 4985

1. See Table 3. For convenience, columns (1), (4) and (7) are the corresponding estimates from Table 3 with the exception that those for the employment probabilities in column (7) are from a LPM
specification rather than a logit specification. However, they are very similar to the marginal effects presented in Table 3, column (7).

2. Each coefficient in columns (2) & (3), (5) & (6) and (8) & (9) is the Oster bias-corrected estimate of the pathway coefficient from separate regressions in which each pathway is considered as a
separate treatment effect.

3. Standard errors in parentheses: * p < 0.1, ** p < 0.05, *** p < 0.01.
4. Bootstrapped standard errors, based on 1000 replications, are in square brackets.
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and divert at-risk individuals away from poor labour market outcomes may limit both the associated

individual and economic repercussions.

4.3.1 Characteristics influencing pathway choice

Table 5 presents the results of the multinomial logit model, showing the marginal effects of key vari-

ables on the probability that an individual is observed in the respective pathway cluster. Dummy

variables indicating missing values are omitted from the table, as are control variables which are

found to have insignificant or marginally significant associations with the probability of an individual

following any of the six pathways. These variables include region, occupation of parent, household

tenure type, family structure, availability of computer or internet at home, whether the young person

experienced troublemaking in class, and the indicator variable for whether or not the young person

was taking vocational qualifications at age 15/16.

The results for the remaining variables presented in Table 5 reveal that gender and ethnicity are

influential in predicting post-16 education and employment pathways. Males are 2–3 percentage

points more likely to undertake P4: Apprenticeships or P5: Vocational Level 3 qualifications into

HE than females, ceteris paribus. Individuals from a non-white background are 10 percentage

points more likely to follow P6: A-Level into HE, and 4 percentage points significantly more likely

to follow P5: Vocational Level 3 into HE pathways than equivalent white students. Correspondingly,

non-whites are significantly less likely to take an apprenticeship, proceed into employment, or to

become NEET. There is also evidence that family background does play some role predicting later

education trajectories. Though small in magnitude, individuals from more deprived backgrounds

– represented by the index of multiple deprivation, IMD – are less likely to follow the A-Levels

and HE route, while being more likely to end up NEET after leaving school.

Behaviours and attitudes play a significant role. Those who identify themselves as likely to apply

to university in future, at age 14, are significantly more likely to do so, specifically through the A-Level

route. However, they are not any more likely to follow a vocational route to HE than those who are

not likely to apply to university. Also, being associated with a larger number of risk factors make it

more likely a young person will follow the employment or NEET trajectories and 2.5 percentage

points less likely to take the P6: A-Levels to HE pathway.

Parental engagement and attitudes are also important. Amongst the dummy variables indicating

advice given to continue with full-time education (FTE) at age 16, it is when this advice is given by

parents that it has a significant association with the pathway taken. Only parents’ and teachers’

advice to continue in full-time education are significantly correlated with the likelihood of following

P6: A-Levels to HE, while siblings, other family, and friends do not have a significant impact on the

probability of taking this pathway. Parental advice to continue in FTE also significantly increases the

probability of following a vocational education route and decreases the likelihood of the apprentice-

ship, employment or NEET pathways. Careers advisors are not significantly correlated with the prob-

ability of any of the pathways. A lack of engagement of parents in parents’ evenings, as a proxy for

general parental engagement, is significantly correlated with the probability of becoming NEET.

Parents’ aspirations are also important. When the parents would like the young person to undertake

an apprenticeship rather than continue in full-time education, the young person is 2.9 percentage

points more likely to take an apprenticeship, 6.8 percentage points more likely to follow the employ-

ment route, and correspondingly 10 percentage points less likely to take A-Levels and progress

to HE.

As expected, an individual’s GCSE performance is an important determinant of the pathway

taken. Both GCSE English and GCSE Maths in isolation increase the probability of taking A-Levels

and progressing to HE, being associated with a 6.3 percentage point and 4.5 percentage point

higher probabilities, respectively, of taking this route. These findings echo those presented by

Machin, McNally, and Ruiz-Valenzuela (2020). As identified by Department for Education (2018),

GCSE attainment is influential in becoming NEET; in particular, GCSE maths and the overall KS4

score are significant determinants of following the NEET dominated pathway.
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Table 5. Characteristics influencing pathway choice: Multinomial logit marginal effect estimates.

P1 P2 P3 P4 P5 P6

Employment
NEET

dominated Below L3 Apprenticeship Voc L3 to HE
A-Levels to

HE

Male −0.006 −0.004 −0.037*** 0.028*** 0.023*** −0.003
(0.010) (0.006) (0.008) (0.006) (0.008) (0.010)

Non-White −0.093*** −0.021** −0.005 −0.028*** 0.042*** 0.105***
(0.016) (0.010) (0.011) (0.009) (0.010) (0.013)

SEN −0.015 −0.002 0.016* 0.001 −0.004 0.003
(0.013) (0.008) (0.009) (0.006) (0.011) (0.014)

FSM −0.056*** 0.002 0.009 −0.013 0.007 0.051***
(0.018) (0.009) (0.011) (0.010) (0.012) (0.018)

IMD −0.001 0.001*** 0.001* −0.000 0.000 −0.001**
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Likely to apply to
Uni (at age 14)

−0.052*** −0.003 −0.014* −0.020*** −0.002 0.091***

(0.011) (0.007) (0.009) (0.005) (0.010) (0.013)
Risk factors 0.020*** 0.005*** −0.004 0.002 0.001 −0.025***

(0.003) (0.002) (0.003) (0.001) (0.003) (0.004)
Advised FTE – Parent −0.030*** −0.028*** 0.030*** −0.019*** 0.018** 0.028**

(0.011) (0.007) (0.009) (0.005) (0.009) (0.011)
Advised FTE – Sibling −0.008 0.003 0.001 −0.001 −0.004 0.009

(0.013) (0.009) (0.011) (0.007) (0.009) (0.012)
Advised FTE – Other family −0.030** 0.011 0.006 0.017** 0.012 −0.016

(0.014) (0.010) (0.011) (0.007) (0.009) (0.013)
Advised FTE – Friends 0.012 −0.015** −0.004 −0.002 0.009 −0.001

(0.010) (0.007) (0.008) (0.005) (0.008) (0.010)
Advised FTE – Career advisor −0.003 −0.011 0.001 −0.003 0.011 0.005

(0.011) (0.008) (0.009) (0.006) (0.008) (0.010)
Advised FTE – Teacher 0.006 −0.011 −0.004 −0.008 −0.004 0.021**

(0.010) (0.007) (0.008) (0.005) (0.007) (0.009)
Parents Evening – 1 Parent 0.003 0.016** 0.002 0.005 −0.013* −0.013

(0.010) (0.007) (0.008) (0.005) (0.008) (0.010)
Parents Evening – 0 Parent 0.021 0.017* −0.005 −0.002 −0.006 −0.024

(0.019) (0.010) (0.013) (0.010) (0.015) (0.022)
Parent Aspiration –

Apprenticeship
0.068*** −0.004 0.008 0.029*** −0.002 −0.099***

(0.014) (0.008) (0.011) (0.006) (0.014) (0.021)
Parent Aspiration – Work 0.063 −0.003 −0.024 −0.003 0.030 −0.064

(0.044) (0.016) (0.031) (0.023) (0.040) (0.071)
Parent Aspiration – Other 0.079* 0.043* −0.043 −0.030 −0.055 0.006

(0.041) (0.023) (0.049) (0.031) (0.048) (0.044)
School 5 A*-C % (2004) −0.000 −0.000 −0.001*** 0.000 −0.001*** 0.002***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
School FSM % (2004) −0.001 0.000 −0.000 0.001 −0.001* 0.001**

(0.001) (0.000) (0.000) (0.000) (0.000) (0.001)
School Non-White % (2004) −0.000 −0.000** −0.000 −0.000 −0.000 0.001***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
School KS3-KS4 value added −0.008 0.013*** 0.013*** 0.002 0.001 −0.020***

(0.007) (0.004) (0.005) (0.003) (0.005) (0.007)
A*-C English −0.014 −0.005 −0.035*** −0.003 −0.006 0.063***

(0.015) (0.012) (0.012) (0.007) (0.011) (0.016)
A*-C Maths 0.001 −0.020* −0.014 −0.006 −0.006 0.045***

(0.015) (0.011) (0.013) (0.008) (0.012) (0.016)
KS4 point score (Std) −0.012 −0.042*** −0.002 0.004 0.038*** 0.014

(0.019) (0.013) (0.015) (0.009) (0.013) (0.019)
No of A*-A GCSEs −0.011*** −0.000 0.002 −0.012*** −0.003 0.023***

(0.004) (0.005) (0.004) (0.003) (0.002) (0.003)
No of B-C GCSEs −0.005 −0.004 −0.008*** 0.000 −0.006** 0.023***

(0.003) (0.003) (0.003) (0.002) (0.002) (0.003)
No of D-G GCSEs 0.007* 0.002 0.003 0.001 0.002 −0.016***

(0.004) (0.003) (0.003) (0.002) (0.003) (0.005)
N 8046 8046 8046 8046 8046 8046

1. Standard errors in parentheses.
2. * p < 0.1, ** p < 0.05, *** p< 0.01.

20 A. DICKERSON ET AL.



Table 6 reports the results of a cross-validation exercise which attempts to introduce some exter-

nal validity to the assessment of the predictive accuracy of the model. The procedure is to randomly

allocate 75% of the estimation sample (stratified by cluster) to a ‘training’ dataset and use the

remaining 25% of the sample as a ‘testing’ dataset. The multinomial logit is estimated using the train-

ing data, while the testing data is used to assess the out-of-sample predictive accuracy of the

model.24 The process is repeated 500 times. The predictive accuracy of a model with no explanatory

variables is maximised when all individuals are allocated to the modal category (in this case P6). This

gives a benchmark against which the predictive accuracy of the models with covariates can be

compared.

When no model is specified, 46.41% of the sample sequences are correctly predicted – the per-

centage of the sample made up of those in the largest cluster. Including all covariates leads to a sig-

nificant 10 percentage point increase in prediction accuracy. GCSE outcomes are the most important

contributing factor to this overall increase; when only test scores are included in the model, the pre-

diction accuracy rate is 53.54% compared to 56.35% when all covariates are included. This compares

to a prediction accuracy rate of 58.3% when the full sample is used for both estimation and

prediction.

Taken together, these findings highlight the importance of parental advice, guidance and support

in the selection of the pathways that young people take from education into work. Individual charac-

teristics, aspirations and educational performance are significantly more important than school or

area characteristics in determining pathways. And while educational attainment is undoubtedly a

factor in limiting some of the choices available at the end of compulsory education, there is consider-

able heterogeneity remaining indicating that young peoples’ futures are not simply determined by

their outcomes in the ‘high stakes’ GCSE exams that take place at age 16.

5. Discussion and conclusions

There are a myriad of different pathways that individuals take through the education system into the

labour market (Hupkau et al. 2016). In recent years, the UK has experienced growth in the variation of

pathways that can lead individuals into Higher Education (HE) and simultaneously, an expansion in

the uptake of vocational study and apprenticeships. In this paper we employ sequence analysis tech-

niques to address three core research aims centred around the variation in these pathways: We firstly

identify the principal pathways taken through compulsory, further, and higher education into the

labour market by young people in England. Secondly, we examine the earnings and employment

differentials associated with the different pathways and distinguish the pathways that lead to

poorer labour market outcomes. Finally, we predict which pathways individuals follow after the

end of compulsory schooling based on their characteristics while still at school.

Our data enables us to trace the activities of a cohort of young people in England who completed

their compulsory education at age 16 in 2006. The analysis reveals that there is considerable hetero-

geneity in the pathways that these young people select after the end of their compulsory education.

However, these can be usefully grouped into a small range of six distinctive pathways each charac-

terised by a modal activity reflecting the dominance of time spent in a particular education or labour

market state. Parental advice and support, as well as individual and parental attitudes and aspirations

are found to significantly influence the pathway followed. As expected, GCSE performance is also an

important pathway determinant; GCSE Maths significantly reduces the likelihood of becoming NEET

for example. However, provision of advice and guidance beyond teachers and parents seems to

impact little. The consequences of following different pathways from education into work are also

investigated. The adverse consequences of the NEET-dominated pathway are strongly evident in

poorer outcomes at age 25. In contrast, the Apprenticeship pathway has positive wage outcomes

even compared with those who achieve a higher level of qualification by age 25 via HE. However,

the impact on hourly wages, weekly income and the probability of employment of selecting

other routes into the labour market seems relatively unimportant, at least at age 25, with statistically
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significant, but relatively small differences in outcomes relative to those who take the traditional aca-

demic route through A-levels into HE. Successful transitions from education into employment are

certainly not limited to just those that take this traditional academic pathway.

The results also suggest some interesting implications for policy. There are significant differences

by gender and, particularly, ethnicity, suggesting that targeted interventions might improve the out-

comes particularly for some groups. It is also clearly important to engender high aspirations and

expectations of both the young people themselves and of their parents, not least because other

forms of advice and guidance, including schools’ careers services, are unimportant and/or ineffective

in helping young people navigate the pathways that are available to them. Achieving a set of good

results at KS4 (GCSE) is a protective factor for NEET, and hence the current policy in England of

Table 6. Assessment of prediction accuracy.

(1) (2) (3) (4) (5) (6) (7)

Constant only
+

Personal
+

Family SES
+

YPattitudes
+

Parents
+

School
+

GCSEs

a. Assessment of prediction accuracy: cross-validation exercise – cumulative
Overall 46.41 47.31 49.19 52.55 52.88 53.38 56.35

(0.96) (0.96) (0.98) (0.98) (0.97) (0.98) (0.97)
P1: Employment 0.00 17.56 30.52 40.68 40.59 42.51 46.89

(0.00) (1.95) (1.92) (2.15) (2.09) (2.18) (2.21)
P2: NEET 0.00 0.00 11.54 17.04 17.20 17.63 26.66

(0.00) (0.00) (2.39) (2.99) (3.02) (3.10) (3.49)
P3: Below L3 0.00 5.17 7.32 11.73 11.38 13.05 24.80

(0.00) (1.52) (1.58) (1.93) (1.97) (2.08) (2.82)
P4: Apprenticeship 0.00 0.00 0.01 0.33 0.91 1.23 2.60

(0.00) (0.00) (0.11) (0.62) (1.06) (1.27) (1.72)
P5: Voc L3 + HE 0.00 0.00 0.26 0.29 0.62 0.64 4.77

(0.00) (0.04) (0.34) (0.37) (0.53) (0.51) (1.35)
P6: A-Level + HE 100.00 92.52 88.44 89.13 89.82 89.52 88.86

(0.00) (1.15) (1.16) (1.04) (1.04) (1.07) (1.02)
No. of replications 500 500 500 500 500 500 500
b. Assessment of prediction accuracy: cross-validation exercise – Separate
Overall 46.41 47.31 46.62 51.30 49.69 47.70 53.54

(0.96) (0.96) (1.00) (0.96) (0.97) (0.98) (0.99)
P1: Employment 0.00 17.56 13.33 40.78 24.95 23.63 36.86

(0.00) (1.95) (1.41) (2.05) (3.31) (2.03) (2.16)
P2: NEET 0.00 0.00 7.27 2.09 1.15 0.20 22.21

(0.00) (0.00) (2.14) (1.34) (1.10) (0.51) (3.34)
P3: Below L3 0.00 5.17 2.91 3.27 0.01 4.66 23.90

(0.00) (1.52) (1.20) (1.38) (0.08) (1.22) (2.81)
P4: Apprenticeship 0.00 0.00 0.00 0.00 0.00 0.00 0.00

(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
P5: Voc L3 + HE 0.00 0.00 0.00 0.00 0.00 0.00 0.75

(0.00) (0.04) (0.03) (0.00) (0.00) (0.00) (0.59)
P6: A-Level + HE 100.00 92.52 92.59 90.46 95.28 90.63 89.43

(0.00) (1.15) (1.05) (0.99) (1.73) (1.23) (0.99)
No. of replications 500 500 500 500 500 500 500

1. The sets of covariates are defined as follows:

• Personal characteristics – gender, ethnicity, government office region, special educational needs.
• Family background – free school meals indicator, index of multiple deprivation (IMD), parent occupation, number of parents in
household, housing tenure type, home access to computer and/or internet.
• Young person behaviour/attitudes – taking vocational qualifications at school, likelihood of applying to university, advice on
continuing in FE from parents, family, siblings, friends, teachers, and careers advisors, and risk factors (a 1–8 scale indicating
the number of self-reported risky behaviours engaged in including smoking, drinking, cannabis, graffiti, and shoplifting.)
• Parental attitudes/engagement – number of parents attending parents evening, parents’ aspirations for the young person at age
16.
School characteristics – School proportion of 5 A*-C GCSE attainment, school proportion receiving free school meals, school non-
white proportion.
• Test scores/performance – number of GCSEs at A*-A, B-C, and D-G, A*-C GCSE in Maths, A*-C GCSE in English, overall KS4 point
score, KS3 and KS2 English and Maths.2. Standard deviations in parentheses.
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students retaking their GSCE Maths and English if they have not achieved a pass grade in these sub-

jects seems warranted. However, the results also clearly indicate that the measure of ‘success’ in edu-

cation should not be limited to outcomes which enable the A-level to HE pathway (thereby indirectly

consigning the ‘other 50%’ of the cohort to being labelled as failing). Promoting the other pathways

with ‘good’ outcomes such as Apprenticeships and encouraging and supporting young people to

embark on these other pathways would serve to enhance the outcomes achieved.

Finally, we find that young people have the potential to change trajectory after one, two, or even

three years after leaving compulsory education. That is, their pathways are not strongly pre-deter-

mined at age 16 – there is still considerable variation post-16. This makes it difficult to develop a

small but homogenous typology of pathways which can then be predicted by a model specified

as a function of characteristics observable before the individuals embark on these pathways.

While this finding presents challenges in providing strong policy conclusions as to how prior charac-

teristics may be used in order to identify individuals who are more likely to make pathway choices

which may lead to less favourable labour market outcomes, this can also be considered an encoura-

ging finding in the sense that individuals can still make choices during their first few years out of

school that will influence their overall career trajectories in their early 20s.

Notes

1. The RQF (Regulated Qualifications Framework) system for England and Northern Ireland enables individuals to

compare different qualifications according to their level (knowledge and skills), from Entry Level 1 through to

Level 8. For example, GCSEs are RQF Level 2 and UG (bachelors) degrees are RQF Level 6. The RQF replaced

the National Qualifications Framework (NQF) and the Qualifications and Credit Framework (QCF) in 2015

(Ofqual 2019).

2. There is heterogeneity in the value of qualifications, most commonly by gender, ability, and the type of qualifi-

cation such as degree classification, subject and the awarding institution (Sienessi 2003: Belfield et al. 2018). This

is similarly the case in vocational education (McIntosh 2006; McIntosh and Morris 2021).

3. A body of literature attempts to identify which measures of disadvantage are the most valuable in identifying

social disadvantage with reference to the widening participation agenda; see for example: Henderson, Shure,

and Adamecz-Völgy (2019), Ilie, Sutherland, and Vignoles (2017) and Hobbs and Vignoles (2010).

4. In December 2020, 11.6% of 16- to 24-year-olds were classified as NEET in the UK (ONS 2021).

5. If there arem elements in the sequence, and each element can be any one of n states, then the number of poss-

ible sequences is mn.

6. This is linked data comprising of the National Pupil Database (NPD) and Individualised Learner Records (ILR)

matched to HMRC tax records

7. Unlike this paper, they only have Next Steps Waves 1–5 and therefore are only able to consider event histories up

to age 19, whereas we construct histories up to (and observe outcomes at) age 25. This is an important distinc-

tion, since we are then able to identify different trajectories into the labour market, particularly of the individuals

who go to university between age 18-21.

8. Other studies which have exploited sequence analysis to study the pathways from education into work include:

Cebulla andWhetton (2018) (Australia); Boylan (2020) (US); Middeldorp, Edzes, and van Dijk (2019) (Netherlands);

Quintini and Manfredi (2009) (EU); and Achatz, Jahn, and Schels (2022) (Germany).

9. This will complement planned analysis using the Longitudinal Educational Outcomes (LEO) data which will

exploit the larger sample sizes to identify more detailed and distinct pathways through different levels and

types of vocational qualifications for all learners, building on the previous analysis by De Coulon et al. (2017)

which focused on low-level learners only.

10. Access is via the Secure Data Service at the UK Data Archive

11. We also consider sequences of only 12 months in duration after the end of compulsory schooling; the results of

this analysis can be found in Table A2 of the Appendix. While the overall prediction accuracy is improved by

focusing on the first 12 months, the value added from specifying a model to predict pathways is broadly

similar for to the sequence analysis focusing on 45 months.

12. Sequences are converted into other sequences by using substitution and ’indel’ (insertions and deletion) oper-

ations. Substitutions change a given element from one state to another state; indels remove an existing element

and/or add a new one. For a more detailed discussion see the online Appendix.

13. The substitution costs are simply the sum of the two indel costs following Studer and Ritschard (2016). For

example, for the ALEV and APPR states, indel costs in Panel A are 0.44 and 0.65. The sum of those is 1.09,

which is the substitution cost for ALEV-APPR in Panel B.
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14. Although this figure may be inflated due to the attrition issues discussed previously.

15. We define Further Education (FE) as 16–18 post-compulsory education encompassing both sixth form schools/

colleges and Further Education colleges.

16. 3814/8234 = 46% of all sequences are allocated to this pathway cluster.

17. The labour market outcomes by cluster are reported in Table A1 in the online Appendix, while the distribution of

the log hourly wage by cluster is depicted in Figure A1.

18. Including gender, ethnicity, Government Office Region where the individual lives at age 25, an indicator for

receipt of state benefits, and an indicator for if the individual has received any on the job training.

19. These are the standardised point scores at ages 11, 14, and 16, and indicator variables for obtaining a grade C or

above in GCSE Maths and GCSE English.

20. While this might be as expected in terms of lifetime earnings, recall that this is for income and wages as

measured at age 25, when those who attended university are only 3- or 4-years post-graduation.

21. The coefficients on the pathways together with their standard error bounds are illustrated in the online Appen-

dix Figure A2, A3 and A4 for income, wages and employment respectively for each of the 3 specifications

considered.

22. We would like to thank an anonymous referee for this suggestion.

23. This approximation is useful for gauging the degree of bias that can be expected, but Oster (2019) presents the

actual consistent bias-corrected estimator in her paper and in her STATA code (-psacalc-), and it is this that is

reported below.

24. We provide a further investigation of the misallocated individuals in the Appendix.
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