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Abstract

Longitudinal social surveys are widely used to understand which factors enable or constrain access to higher education.
One such data resource is the Next Steps survey comprising an initial sample of 16,122 pupils aged 13—14 attending English
state and private schools in 2004, with follow up annually to age 19-20 and a further survey at age 25. The Next Steps data
is a potentially rich resource for studying inequalities of access to higher education. It contains a wealth of information
about pupils’ social background characteristics—including household income, parental education, parental social class,
housing tenure and family composition—as well as longitudinal data on aspirations, choices and outcomes in relation to
education. However, as with many longitudinal social surveys, Next Steps suffers from a substantial amount of missing
data due to item non-response and sample attrition which may seriously compromise the reliability of research findings.
Helpfully, Next Steps data has been linked with more robust administrative data from the National Pupil Database (NPD),
which contains a more limited range of social background variables, but has comparatively little in the way of missing
data due to item non-response or attrition. We analyse these linked datasets to assess the implications of missing data for
the reliability of Next Steps. We show that item non-response in Next Steps biases the apparent socioeconomic composi-
tion of the Next Steps sample upwards, and that this bias is exacerbated by sample attrition since Next Steps participants
from less advantaged social backgrounds are more likely to drop out of the study. Moreover, by the time it is possible to
measure access to higher education, the socioeconomic background variables in Next Steps are shown to have very little
explanatory power after controlling for the social background and educational attainment variables contained in the NPD.
Given these findings, we argue that longitudinal social surveys with much missing data are only reliable sources of data on
access to higher education if they can be linked effectively with more robust administrative data sources. This then raises
the question—why not just use the more robust datasets?
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1. Introduction

Secondary datasets are useful resources for educational
research. This article presents findings on the compari-
son of two existing datasets, Next Steps and the National
Pupil Database (NPD), which have been linked and made
available for the purpose of research. We assessed the

research feasibility of the two linked datasets in pre-
dicting young peoples’ entry to higher education. The
analysis presents the strengths and limitations of the
Next Steps and the NPD and the potential in linking
the two for assessing educational outcomes. However,
the results show that the participant dropout and miss-
ing data in Next Steps introduces bias in the findings
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while the NPD provides more complete and reliable in-
formation that explained most of the variation in the
outcomes. The findings have research implications, em-
phasising the need for completeness and follow-up of
the dropout cases. The implications for widening access
policies in higher education are to select the indicators
with high reliability for use in contextualised admissions
and similar.

2. Background

The expansion of higher education is a worldwide phe-
nomenon which has enabled increasing numbers of
students to enter a range of forms of higher educa-
tion within increasingly internally differentiated national
higher education sectors (Arum, Gamoran, & Shavit,
2007; Marginson, 2017; Jerrim & Vignoles, 2015). In the
UK, around fifty percent of young people now progress
to higher education at some stage compared to just
five percent prior to the first wave of higher education
expansion in the 1960s (Boliver, 2011; Department for
Education [DFE], 2017). However, some inequalities in
access have persisted, with those from lower socioe-
conomic groups significantly under-represented in UK
higher education, especially in the UK’s most prestigious
higher education institutions (Boliver, 2015; Broecke,
2015; Gorard, Siddiqui, & Boliver, 2017; Harrison, 2011;
Triventi, 2011) and in some subjects leading to the pro-
fessions (BIS, 2013; Connor et al., 2001; Smith & White,
2011). These patterns of unequal participation have im-
proved since the 1960s (Crawford, Gregg, Macmillan,
Vignoles, & Wyness, 2016; Gorard, 2013), but they still
exist despite expansion in the 1960s and 1990s (Adnett,
McCaig, Slack, & Bowers-Brown, 2011).

The existing evidence for the UK shows that access to
higher education is substantially predicated on prior at-
tainment at secondary school level (Gorard et al., 2007),
which is itself stratified in terms of socioeconomic back-
ground (Chowdry et al., 2010). Students from less advan-
taged backgrounds are under-represented in higher edu-
cation, and especially in more academically selective in-
stitutions and courses, at least partly because their prior
qualifications are lower on average (Gorard et al., 2017;
Younger, Gascoine, Menzies, & Torgerson, 2017). Even in
the ‘Russell Group’ universities, which include many of
those considered the most prestigious in the UK, rates of
participation have been found to be similar for different
socioeconomic groups with ostensibly the same levels of
prior attainment, at least in some studies (Marcenaro-
Gutierrez, Galindo-Rueda, & Vignoles, 2007; Chowdry,
Crawford, Dearden, Goodman, & Vignoles, 2013), but
less so in others (Zimdars et al., 2009). There is some evi-
dence that a substantial proportion of high attaining dis-
advantaged students are not accessing the most presti-
gious forms of higher education, despite being qualified
to do so, and despite nearly £842 million being spent
on widening access initiatives in England in 2016 alone
(HEFCE, 2017).

The emerging evidence on the enablers of and bar-
riers to access to higher education is informed by anal-
ysis of two main types of data: administrative data,
and data obtained by means of social surveys. Admin-
istrative data is collected by government agencies and
can be linked year on year to enable individuals to be
tracked longitudinally throughout their educational ca-
reers. A major benefit of administrative data is its census-
like nature which results in near-total population cov-
erage, comparatively minimal missing data, and thus a
highly representative analytical sample. A common dis-
advantage of administrative data in the UK context, how-
ever, is that it contains limited information about the
broader context of young people’s lives. For example,
one key administrative dataset, the NPD, contains infor-
mation about whether school pupils are eligible for free
school meals (FSM, an income-contingent welfare enti-
tlement) but does not contain information about other
aspects of socioeconomic background such as parental
social class, parental education or household income.
Moreover, while the NPD contains information about
young people’s educational attainments and transitions,
it contains nothing on attitudes, aspirations and decision-
making in relation to education.

A second type of data resource is the prospective
longitudinal social survey which collects much richer
data on young people’s circumstances and life outcomes.
A key prospective longitudinal study is the Next Steps sur-
vey of young people in England which sampled 16,122
young people aged 13-14 in England in 2004 and tracked
them annually until age 19-20 with a further survey
at age 25-26. This cohort study was conducted by the
DFE, England as an investigation of the underlying fac-
tors that determine young people’s outcomes in life af-
ter post-compulsory stage in education. The Next Steps
study measured the educational aspirations, achieve-
ments and choices of young people during their final
years of secondary schooling and documented various
life-course outcomes including access to higher educa-
tion and transitions into the labour market. This study
is an important data resource that collected detailed in-
formation on young people’s lives at home and at school.
There are rich details on young people’s socioeconomic
circumstances including information on parents’ educa-
tion levels, job statuses, incomes, and aspirations in re-
lation to their children’s education. On the face of it,
the richness of prospective longitudinal studies like Next
Steps make them an especially valuable resource for
studying the determinants of access to higher education.
The true value of this data source, however, depends
heavily on the representativeness of the analytic sam-
ple, which is of course likely to be compromised by non-
trivial amounts of missing data resulting from item non-
response and sample attrition over time.

In this article we examine empirically the relative
merits and demerits of administrative data from the NPD
and longitudinal survey data from Next Steps, and we
consider whether the demerits of each can be counter-
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balanced by the merits of the other. Helpfully, the two
datasets are linked by the UK Data Service (n.d.) and
made available in the secure access environment for the
purpose of research.

It is possible to link data from the NPD to data from
the Next Steps survey at an individual level, and so we
are able to compare these two datasets directly. More
specifically, this article sets out to answer the follow-
ing questions:

¢ To what extent does Next Steps suffer from miss-
ing data due to item non-response and sample
attrition?

¢ In what respects does missing data in Next Steps
result in a biased sample?

¢ How well does the available socioeconomic back-
ground data contained in Next Steps predict access
to higher education, over and above the predictive
power of the more limited information contained
within the NPD?

e Can sample bias be ameliorated by linking Next
Steps with census-style administrative data from
the NPD?

3. Item Non-Response in Next Steps

As outlined above, the Next Steps survey includes ques-
tions relating to a range of measures of pupil social back-
ground characteristic. However, some of these measures
suffer from a high degree of item non-response (Table 1).
Gross household income is actual income reported by
the parents in two consecutive waves of the study, but is
available for less than half of the total sample. This under-
reporting of household income is one of the main chal-
lenges for using this indicator for any subsequent anal-
ysis or for comparison with other available measures of
disadvantage. The following waves (3 and 4) collected in-
formation on household income by using a household
grid approach where income bands were presented to
the households to identify the income band in which
their gross annual income falls. However, this categorical
indicator is less precise and complete than the actual in-
come reported in the first two waves. It is not considered
further in this article, but will be pursued in the next.

Table 1. Completeness of records in wave 1 of Next Steps.

All misreporting and missing data creates a poten-
tial for bias. Such data can never be assumed to be
random in nature, and there is clear long-standing evi-
dence that data is missing from a survey for a reason
(Behaghel, Crepon, Gurgand, & Le Barbanchon, 2009;
Hansen & Hurwitz, 1946; Sheikh & Mattingly, 1981). Any
bias in the substantive results caused by missing data
generally cannot be corrected by any technical means
(Cuddeback, Wilson, Orme, & Combs-Orme, 2004). For
example, weights can only be used post hoc to correct for
variables for which all true population values are known,
making weighting pointless, and weighting a sample in
this way clearly cannot correct the values of other vari-
ables for which the true population value is not known
(Peress, 2010). If data from other variables in Next Steps
were used to model the likely income for the missing 58%
of cases, then any subsequent analyses would then be
blighted. A correlation between any of those other vari-
ables and income would be bogus, and at least partly
based on the income values having been mostly created
by that correlation in the first place. Generally, using ex-
isting data to make up for data that does not exist exac-
erbates the potential for bias.

Therefore, we must assume that the 42% of values
that Next Steps does contain are biased (and evidence in
support of this appears below). The other SES and pupil
background variables in Table 1 all have less missing data
at the outset, but even for these there is evidence that
this creates bias (Table 2). Where family income is known
but parental education is not, cases missing parental edu-
cation have a clearly lower average income. Missing data
can never be assumed to be random. Here, removing the
20% of the cases which are missing parental education
information would mean over-representing the advan-
taged group. Simply ignoring or deleting the cases with
missing data accepts that level of bias, and anyway leads
to many fewer cases.

4. Sample Attrition in Next Steps

Unfortunately, this is not the end of the problem of
missing data in NS. Each year after wave 1, more cases
dropped out and/or were missing data (Figure 1). By the
time of application and entry to university, 46% of the ini-

Household characteristics

% of cases with valid values

Gross household income wave 1
Gross household income wave 2
Parental education

Household composition

Main parent employment status
No. of siblings

Housing tenure

Special educational need (SEN)

42
47
80
97
98
94
97
96

Note: N = 16,122.
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Table 2. The difference in household annual income missing or not-missing background data in wave 1 of Next Steps.

Background characteristics Average household income (missing)

Average household income (not missing)

Parental education £27,437 £32,375
Household composition £26,291 £32,307
Main parent employment status £22,012 £32,314
Housing tenure £25,969 £32,355
38000
37000
36000
35000
34000
=fi=\W2 HHI average
33000
—=4—\W1 HHI average
32000 /
31000 -
30000
29000
28000 T T T T T T T 1
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1 2 3 4 5 6 7 8
Figure 1. Number of participants in each wave of Next Steps.

tial participants had dropped out, and the situation con-
tinued to deteriorate with each wave.

On average, these dropouts were more likely to be
from low-income households, and attained lower aver-
age scores at secondary school. Again, there is never a
reason to assume that dropout is random. All missing

18000

data will tend to bias ensuing results. Figure 2 shows the
average incomes reported in waves 1 and 2 but averaged
again for successive years for only those still participating
in the study. It looks as though the average income has in-
creased every year simply because the high-income par-
ticipants in waves 1 and 2 were more likely to remain in
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Figure 2. How average of initially-reported income changes with dropout.
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the study. Some earlier participants who had dropped
out were re-recruited in wave 8 via financial incentives.

Another consequence of participants dropping out
over time, is that Next Steps only has valid data on the
higher education status at age 19 of 54% of the cases.
This is likely to greatly over-estimate the proportion and
income of higher education students.

5. The NPD Data

The NPD is national administrative data in England, offi-
cially required information from all state-funded schools
by the Department for Education (DFE). It contains de-
tails of pupils’ attainment at school, as well as key indica-
tors of background characteristics and possible disadvan-
tage. But these key indicators are more complete, veri-
fied and reliable than those in a survey like the Next Steps.
One such indicator is eligibility for FSM. The identification
of FSM-eligible pupils is based on clear legal criteria de-
fined by the DFE—such as coming from families in receipt
of state support in the form of benefits, allowances and
tax credits due to annual gross income below a threshold
of £16,190 in 2017-2018 (for the latest details on chil-
dren’s FSM eligibility criteria see DFE, 2018a).The equiv-
alent figure for 2004, when Next Steps wave 1 was sur-
veyed, was £13,480 (Hobbs & Vignoles, 2010).

Some studies have criticised this measure because it
misses out some families who ought to be eligible but
do not apply or are missing appropriate documentation
(Iniesta-Martinez & Evans, 2012; Storey & Chamberlin,
2001), and does not fully capture poverty in a variety of
dimensions such as fluctuation in the economic cycles
and period of recessions, and long-term poverty (Gorard
& Siddiqui, 2018). Despite these limitations FSM is the
key indicator and a context within which the academic

performance of state-maintained schools and pupils is
judged (DFE, 2018b), intervention targets are set, and
evaluation outcomes of programmes and policies are
demonstrated (The Education Endowment Foundation,
2017). FSM is imperfect but currently the best available
indicator in comparison to the alternatives which have
additional problems other than missing data such as
based on sample, aggregated socioeconomic measures
and dependent on multiple definitions (Taylor, 2018).

In the NPD, around 4% of cases in state maintained
schools are missing data on FSM-eligibility and a further
6% to 7% are in private schools not completing this sec-
tion of NPD (Gorard, 2012a). However, when the 2004
NPD dataset is individually linked to wave 1 of Next Steps,
around 27% of cases are missing FSM-eligibility data (and
28% missing SEN data, and the same occurs with other
variables). This is largely because a pupil’s status on FSM
and SEN is classed as highly sensitive information, there-
fore the data linking policy seeks participants’ consent.
This exacerbates the situation of data already missing in
one or other the linked datasets. Missing FSM and SEN as
available in the linked dataset does not necessarily mean
that this information is missing in the main NPD as well,
just that it cannot be linked.

The NPD has been linked with Next Steps for the sam-
ple achieved in the first wave of the study. This means
NPD information was linked for only those participants
who consented to be included in the study in wave 1.
The linked NPD data is for the year 2004 which is when
the first Next Steps data sweep was conducted. A sam-
ple boost of 600 young people was introduced at wave 4
in the year 2007 and the NPD information is missing for
these cases, and so is ignored for the rest of this paper.
Table 3 shows that data is missing particularly for FSM
and SEN.

Table 3. Percentage of cases with complete and missing data for key variables in the linked dataset.

NS participants in the linked NPD

% in the linked NPD dataset

School type Comprehensive 89
Selective (independent, grammar and special) 7
Missing school type 3
FSM status FSM 12
Not FSM 61
Missing FSM 27
Special Education Status SEN 12
Not SEN 61
Missing SEN 28
Ethnicity (major) White 65
Not white 33
Missing 2
First Language English 86
Not English 9
Missing 5
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6. Comparing Household Income and FSM in the
Linked Next Steps—NPD Dataset

In order to reduce missing data and cases, we have com-
bined the data on income from waves 1 and 2. If the
income data is missing for wave 1 we have used the re-
ported income in wave 2. While this maintains as many
cases as possible, this may further compromise the reli-
ability of household income indicator because there are
differences in the reported income for two consecutive
years of data sweeps, where available. After combining
the income data from waves 1 and 2, the remaining num-
ber of cases missing gross household incomes was com-
pared across FSM categories (Table 4). Around 60% of
the cases missing gross household income data have the
FSM status available, while 40% have neither household
income nor FSM status for the year 2004.

Pupils with a family income below £13,480 ought to
be eligible for FSM. Now using only those cases with val-
ues for both, Table 5 compares FSM status and income.
Around 73% of pupils below the income threshold of
£13,480 are labelled as in receipt of FSM in the NPD. And
around 79% are identified as not FSM with an income in
excess of £13,480. These are all sensible figures in accord
with the idea that FSM is for families with low incomes.
Some participants could have misreported their incomes
somewhat and this can explain some of the 21% with
higher incomes considered FSM-eligible and vice versa.
Or these differences could be due to genuine changes be-
tween the time at which FSM was recorded for the NPD
and income surveyed for NS.

The differences mentioned explain the way socioeco-
nomic poverty is indicated in the form of different indica-
tors and the linking the two indictors might not perfectly
match and show exactly the same patterns of disadvan-

Table 4. Cases missing income and FSM data in linked dataset.

taged characteristics. This also raises the issues of select-
ing indicators that accurately target the disadvantaged
for widening access initiatives.

7. Entry into Higher Education at Age 19

Wave 7 of Next Steps provides information on whether
young people have entered university or alternate higher
education or not at age 18-20. The response rate by this
phase is below 53% of the initial sample. Table 6 shows
that on average 52% of the young people enter higher
education by age 20, which is more than happened in
that age cohort nationally, suggesting that the missing
cases have biased the sample towards the more qualified.
Table 6 shows the average household income differences
in the three categories for those who stayed in the study
until age 20. It also shows how much more the family in-
come was in the homes of young people proceeding to
HE. This is more in line with national figures (Gorard et al.,
2017).

Of the 6,284 cases from the original wave 1 stayed
in the study at age 19, 4,306 have unknown FSM status,
and 1,978 have unknown higher education status. This
illustrates how poor quality Next Steps and even linked
Next Steps—NPD data is for analysis of higher education
entry patterns using background and traditional data.

The one main advantage of the smaller, weaker Next
Steps than the NPD is that it contains additional informa-
tion such as the variables on aspiration for higher edu-
cation. These could be important predictors (Croll, 2010;
see also, Gorard, 2012b). Whether students aspired to
admission in university was collected in the initial waves
when the drop-out was less of a problem than for higher
education entry itself. However, by wave 7, only 46% of
those remained to report if they achieved admission in

Missing gross household income

% indicated in the NPD status

FSM 24
Not FSM 35
Missing FSM 40
Note: N missing = 6,422.
Table 5. Comparison of FSM status and household income in linked dataset.
FSM Not FSM Total N
Household income > £13,480 73% 27% 411
Household income > £13,480 21% 79% 7571

Table 6. Average household income and higher education admission status.

At age 19 in higher education and not

Average household income

Number of young people

Missing information £35,089 5,963
In higher education £40,294 3,100
Not in higher education £29,453 2,863
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higher education or not. Leaving these cautions aside,
there is a relatively weak link between aspirations at age
13 and actual higher education entry by age 19 (Table 7).
The vast majority of young people said that they were
likely to enter higher education and 62% of these did so.
Of the minority who said that university was not likely,
80% did not enter by age 19.

The research implications of the findings so far are
that the Next Steps longitudinal survey-based study is
promising for understanding life trajectories and out-
comes, but that dropout and missing data weakens the
reliability of results perhaps to such an extent that the
data are effectively useless.

8. How Good Is the Linked Dataset at Predicting
University Entrance?

In order to assess the usefulness of the linked dataset
with additional variables to the NPD, such as aspirations,
a binary logistic regression model is presented in which
getting admitted to university or not is the outcome. The
selected explanatory variables from the linked NPD-NS
dataset are introduced in two separate steps. This analy-
sis tries to include the full sample of young people for
whom the information was collected in wave 1. As ex-
plained so far, simply deleting all cases with any miss-
ing values leads to almost no cases. Where categorical
variables have missing data, this is retained as a sepa-
rate ‘missing’ category. Missing data for all key variables
is linked to negative outcomes (not entering university
here). Missing data is important and must be respected.
Of course, where the outcome variable is not known the
cases cannot be included.

Of the cases retained, 52% attended higher educa-
tion and so this is the base figure for the model in
Table 8. Adding data from the NPD raises the predictabil-
ity of HE entry to 73%, and adding the extra Next Steps
variables raises it a further 3%. FSM and SEN status,
coupled with prior attainment are the key predictors.
These are the ones that policy and practice should fo-
cus on. The weaker data on family income, parental ed-

ucation, household structure and aspirations add little
more (as also found for national linked NPD and Higher
Education Statistical Agency [HESA] datasets by Gorard
et al., 2017).

This is a relatively poor model, and a stronger pre-
dictive model for entry in higher education can be made
with the full NPD data alone, with the best single pre-
dictor being prior attainment. Gorard (2018) presents a
simple regression model with near 80% success in pre-
dicting entry in higher education using prior attainment
and a few key indicators from NPD, and using the full age
cohorts of 600,000 young people in England with very
little missing data. Therefore, the linked dataset model
is probably not worth investigating further for research
purposes, despite the additional or alternative variables.

Despite having the potential for linking pupils be-
tween Next Steps and the NPD the limitations of each
dataset cannot compensate for the other. Next Steps
captures a more detailed set of information on young
people’s life but it is far from complete in terms of in-
formation in each category. The NPD does not capture
so many details about pupils but it is more complete
than Next Steps and highly reliable as the information
recorded has been validated against well-defined mea-
sures. The NPD does not have in-depth information on
pupils which seems highly correlated with life-long out-
comes of young people. However, just relying on the in-
formation available from the linked NPD we can success-
fully identify the most disadvantaged groups for whom
overcoming the barriers in learning and achievement is
the main challenge.

The indicators such as household income, parental
education, household composition and house tenure are
relevant to educational outcomes. However, the main
challenges of using these indicators are lack of defini-
tions, missing data, and high level of reliance on respon-
dents’ self-reporting. It is better to use NPD data and map
pupil trajectories from the moment they enter school
and, if desired, link these data to HESA and University
and College Admissions Services [UCAS] records. Sample
surveys such as Next Steps offer very little in comparison.

Table 7. Link between higher education aspirations at age 13 and higher education admission outcome at age 19.

Aspirations for higher In higher education

Not in higher education Number of young

education at age 13 atage 19% atage19% people
Likely to get admission 62 38 6,064
Not likely to get admission 20 80 883
Note: N = 6,947.

Table 8. Summary of correctness of prediction of higher education entry using Next Steps—NPD data.

Main outcome

At age 19 in higher education or not

Base
Step 1 (linked NPD indicators)
Step 2 (Next Steps indicators)

52%
73%
76%

Note: N = 8,682.
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9. Conclusions

Household income is highly sensitive information, and
for many households it is not a clear composite figure.
Self-reporting of gross household income has a large mar-
gin of error and misreporting for reasons such as respon-
dents’ unawareness of gross household income or sim-
ply not being willing to share this sensitive information.
Gross household income could be an important indica-
tor of relative advantage in education, and be highly rep-
resentative of respondents’ socioeconomic status. But
according to our findings, it is not a strong predictor of
pupils’ academic achievement given its lack of data qual-
ity, especially once we know FSM status for only one year
of students’ life in school.

Assessing the reliability of FSM as indicated in the
NPD using self-reported gross household income from
Next Steps is problematic. In Next Steps there is a high
level of item-nonresponse for gross household income
and our findings have clearly shown that item non-
response is not random in Next Steps. Income in Next
Steps therefore cannot be considered a reliable indica-
tor of FSM assessment in the NPD. In the linked NPD
and Next Steps there is some missing FSM status informa-
tion, but our findings have shown that this missing data
does not particularly affect the predictions of a regres-
sion model. FSM is more complete and accurate than the
self-reported gross household income, and so should be
a preferred in practice.

Parental income is not easily available to researchers
from any source, and the information is highly de-
pendent on respondents’ self-reports. This information
could be important and highly correlated with young peo-
ple’s higher education outcomes therefore it has poten-
tial to be captured administratively. However, other than
permitting researchers routine access to the UK Govern-
ment department responsible for the collection of taxes,
the payment of some forms of state support and the ad-
ministration of other regulatory regimes including the na-
tional minimum wage records. There does not seem to
be source that will not repeat the challenges of misre-
porting or non-response in Next Steps. There could be
even more challenges in accessing parental qualifications
or education because there is no clear definition of this
characteristic, unlike with FSM eligibility.

The findings show that household composition is rel-
evant to the secondary school academic outcomes and
it has less missing data than gross household income.
Schools are more easily aware of pupils’ family compo-
sition than parental education or income because family
composition is related to issues concerning pupils’ safety,
wellbeing, attendance, and learning. There are clear def-
initions of family characteristics, and schools could accu-
rately register and update this information in the annual
census to obtain a more complete picture.

Administrative records from the NPD are generally
robust, complete and longitudinal in tracing the spe-
cific characteristics of young people (Gorard, 2018). The

somewhat limited indicators of disadvantage available
in the administrative records can predict young people’s
academic outcomes to a great extent. However, finer
grained details could enrich research findings and be rele-
vant in understanding the characteristics of poverty and
developing targeted interventions. Therefore, although
sample-based longitudinal studies such as Next Steps
may be of little help on their own (except insofar as they
allow us to link aspirations and academic outcomes, for
example), a promising way forward in increasing our un-
derstanding of the characteristics of disadvantage could
be a better policy of data linking between longitudinal
studies and available administrative datasets including
the NPD, HESA or UCAS data. Whatever route is followed,
much more attention needs to be given to missing data at
all stages than is happening at present. All missing data is
a source of potential bias and can therefore produce mis-
leading results. Replacing missing data using data that is
not missing is likely to increase the bias.
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