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Abstract

Aim

To create longitudinal postcode history datasets that allocate mothers to one postcode for each
week of pregnancy and children to one postcode for each week of infancy for a study of air pollution
and respiratory infections in infants.

Datasets

We used linked birth registrations and NHS birth notifications for all children born in London between
2010 and 2014, which constituted the spine for the Air Pollution, housing and respiratory tract
Infections in Children: National Birth Cohort Study (PICNIC) study. The birth data were linked by
NHS England to the Personal Demographics Service (PDS) in order to derive maternal and child
postcode histories for each week of pregnancy and infancy.

Challenges

While the research team had extensive experience working with administrative data, including birth
registrations and notifications, the postcode history data was a new resource and lacked meta-data,
papers or reports from previous users. A substantial number of records were missing a move-in date,
or both a move-in date and postcode, adding complexities when ascertaining an address history
for study participants. Further, we encountered instances of incorrectly recorded postcodes and
implausible numbers of postcodes recorded in a week.

Lessons learned

One half of children in this London-based cohort moved during infancy, and one third of their mothers
moved during pregnancy. This highlights the importance of taking into account changes in residential
address in studies examining the association between environmental exposures and health outcomes.
Cleaned and validated longitudinal national address records are crucial for environmental health
studies. However, they are also resource intensive, with implications for researchers and research
funders.
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Introduction

National and regional administrative datasets are highly
valuable resources for the study of the impacts of
environmental exposures on health outcomes [1]. Administrative
datasets have many advantages over recruited cohort studies
or surveys: they include everyone who is in contact with a
particular service, thereby minimising selection bias; through
linkage to other administrative databases, they allow for
the follow-up of individuals over time and thus to examine
lagged exposure-outcome effects; and given the large size of
many administrative datasets, they allow for the estimation
of small, but important, effect sizes usually of interest
in environmental epidemiology and related research [2, 3].
To assign environmental exposures reflecting individuals'
residential movements, researchers need to link national
longitudinal address registers that account for residential
mobility to the relevant administrative data. In this article, we
describe how we cleaned and validated longitudinal postcode
histories for children born in London between 2010 and 2014
and their mothers; they were derived from the Personal
Demographic Service by linkage to the National Health
Service address register for England as part of a study
of the impact of air pollution on respiratory infections in
children.

Background

There is increasing research interest in examining the impact
of the physical environment on health, particularly due to
the changing profile of physical and built environments
(e.g. air pollution, climate change, urban sprawl) globally
[4, 5]. Exposure to adverse environments or pollutants during
pregnancy and early childhood is of particular concern as
these can impact health outcomes throughout the life course
[6-10]. Administrative health data, collected via contact
with primary, secondary or community care services have
been successfully used to examine the health impacts of
environmental exposures [1]. Many of these studies have
involved linking environmental data to administrative data
on specific events, such as births, hospital admissions or
deaths, and these linked event data are then analysed using
case-control, case-crossover, or time series designs [11-15].
In such studies environmental exposure data are linked to
environmental data via the residential address at the time of
the health event.

Administrative data can also be used to create cohort
studies to examine the health impact of long-term exposures
to environmental threats. Such cohort designs are used
to calculate relative incidence of events across different
exposure levels and over long-term periods, including to
assess the time-varying impact of environmental exposures
across the life course [16, 17], an approach which, similar
to case-crossover study designs [18], offers the advantage of
controlling for individual-level confounding by design [19]. To
define early and long-term environmental exposures, linkage
between environmental data spanning several decades and
some geo-identifier in the administrative data, usually the
residential address or postcode (or zip code), is performed.
Residential mobility needs to be taken into account to

ensure environmental exposures can be accurately assigned
to individuals at various periods of their life course [20, 21],
particularly since individuals who move tend to have different
exposure and health risk profiles than those who do not
[22, 23]. Not allowing for residential moving may therefore
lead to systematic bias.

This is challenging to do in studies using administrative
data since researchers would need national, universal address
registries that can be linked to environmental data to assign
exposures at residential (or other relevant) addresses where
exposures are deemed to take place. Further, any national
address registry needs to be cleaned and validated for research
purposes. This is different from traditional cohorts of recruited
participants, where residential addresses are updated by the
research team when sweeps of data are collected, or through
other direct contact with cohort members.

In the UK, this type of national address assignment has
been possible in Wales at the national level [24], and has
been used in studies of the impact of greenspace access on
mental health outcomes and of housing improvements on
hospital admissions [25, 26]. In Scotland, address histories
are available from GP registration data for the Scottish
Longitudinal Study [27] (linked Census, vital statistics, health
and education data for a 5% population subsample), as well
as nationally (used in the PICNIC Scotland substudy [28]).
In England, algorithms to clean residential address histories
and link these to environmental data have been developed
for recruited cohorts, including the Avon Longitudinal Study
of Parents and Children (ALSPAC) [29]. Further, residential
addresses from primary care data have been linked to a range
of environmental datasets for the Connected Bradford data
resource, which currently covers 300,000 people registered
with primary care within the City of Bradford in the North of
England [30].

The Personal Demographic Service (PDS) dataset is the
national register of any individual, living or deceased, who
has been registered with the National Health Service (NHS)
in England. All individuals living in England are entitled to
register with an NHS general practice without charge [31].
Children have been registered on PDS from birth since 2006
[32]. The PDS has, since the late 2000s, replaced previous
NHS address registers, including the NHS Central Register,
the National Health Applications and Infrastructure Services
and NHS Numbers for Babies. Individuals can update their
address through multiple means, by informing their NHS
providers of their new address during any contact with NHS
services. In this paper, we present a workflow for cleaning
and validating maternal and child postcode histories from
PDS for the Air Pollution, housing and respiratory tract
Infections in Children: National Birth Cohort (PICNIC) study
[28]. The goal of this procedure was to create longitudinal
postcode history datasets that allocated mothers to one
(cleaned) postcode for each week of pregnancy and children
to one (cleaned) postcode for each week of infancy. In the
UK, one postcode includes on average 15 addresses and a
population of 40 individuals [33]. We also assessed the socio-
demographic representativeness of the linked cohort relative
to the original PICNIC cohort, the quality of its postcode
data, and the characteristics of those who did not change

postcode during pregnancy or infancy compared to those
who did.
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Data sources

The PICNIC study: London birth cohort

The spine for the PICNIC study in England consisted of
linked Office for National Statistics (ONS) birth registrations
and NHS birth notifications for all children born in England
between 2005 and 2014. These birth data have also been linked
to Hospital Episode Statistics Admitted Patient Care Data
(HES APC) [34] for mothers and children via delivery and birth
records. The process to establish this birth cohort was carried
out by researchers at City, University of London, and has
been described elsewhere [35-37]. For this particular study, we
used a subset of children born in Greater London (determined
via the residential postcode recorded on birth registrations)
between 15¢ January 2010 and 315 December 2014, since this
is the time period and area for which highly spatio-temporally
resolved air pollution data were available. Greater London was
here defined by the area covered by the air pollution data used
for the PICNIC study for London, which roughly equates to
the area within the M25 motorway (the London Ring Road).

PDS data

The PICNIC birth cohort had been linked to PDS postcode
histories data for mothers and children by NHS England using
a deterministic algorithm based on dates of birth, postcode at
birth /delivery and sex, and for children also their NHS number,
a unique identifier within the English NHS. Each record in the
PDS data referred to a recorded postcode for each individual
on the PDS. Each individual therefore had multiple records,
where each record included information on the postcode and
the date on which the move was recorded on PDS (the move
in date).

ONS postcode directory

We used the ONS postcode directory to check whether
postcodes within the PDS were correctly recorded. The ONS
Postcode Directory contains a list of all terminated and
current UK postcodes [38]; all postcodes, including terminated
postcodes, are geocoded since November 2000 [39] (see the
ONS Postcode Directory User Guide, available on the ONS
website). We used the May 2019 version of the Directory for
this study.

Methods

Inclusion criteria

We included all singleton children born in Greater London
(determined via the residential postcode recorded on birth
registrations) between 15' January 2010 and 315' December
2014. Children born before 24 weeks' gestation, with missing
gestational age, with no linked HES APC data, and children
stillborn were excluded. Our aim was to create longitudinal
weekly postcode records during pregnancy and infancy (until
age 51 weeks and 6 days inclusive) for each child. The
estimated date of start of pregnancy is not available on
birth records in the UK. We therefore estimated the week
of conception by subtracting the gestational age from the

date of birth, adding an additional two weeks [40]. We used
International Organisation for Standardisation (ISO) weeks
throughout to ensure we could later link in data on air pollution
(which had to be aggregated from daily to weekly averages).

Sociodemographic characteristics for checking
representativeness

Using ONS birth registration data, we derived the following
covariates from the PICNIC London birth cohort: child's year
of birth, mother’s age at delivery (categorised as <20, 20-24,
25-29, 30-34, 35-39 and 40+ years); mother’s country of birth
(UK, Europe (excluding the UK), Middle East & Asia, Africa,
Antarctica & Oceania, The Americas, The Caribbean); and
quintiles of the Index of Multiple Deprivation (IMD; 1: most
deprived, 5: least deprived) [41], a small-area level indicator of
deprivation in England derived primarily from Census, tax and
benefit records at the lower super output area level (~1500
people) from postcodes recorded at birth registration.

Joining the birth cohort to postcode histories

We merged the PICNIC birth cohort to PDS postcode histories
for mothers and babies using the unique study ID.

Validating and cleaning postcode histories

We used the following four steps to clean and validate the
maternal and child postcode histories:

Step 1: We excluded PDS postcode records for both mothers
and children with missing move-in dates where the
postcode was also missing, as these records did not
provide any useful information.

Step 2: We excluded any PDS postcode records with move-in
dates that fell after the first birthday (for children) or
after the delivery date (for mothers). For mothers,
we also excluded all PDS postcode records which
occurred before the estimated conception date,
except for the last postcode record before the start
of pregnancy (i.e., indicating the postcode where the
mother lived at conception; Figure 1).

Step 3: We checked whether PDS postcodes for mothers and
children were correctly recorded by linking the PDS
postcodes to the ONS Postcode Directory; any PDS
records with invalid or mis-recorded postcodes were
flagged and excluded in this step. We also flagged
and excluded postcodes that were recorded as outside
England, no fixed abode or coded as unknown, or
valid postcodes with missing move-in dates. We
termed postcodes that were correctly recorded and
not missing as ‘good quality postcodes’.

Step 4: We selected one postcode record per week of
pregnancy and infancy. In cases where multiple
records were available in the same week, we selected
the last recorded good quality postcode record (i.e.,
valid, non-missing postcode in London, if available)
for each week. Some children’s first move-in date on
PDS was not equal to their birth date, which would
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Figure 1: Maternal and child residential postcode records that were retained or excluded during pregnancy and infancy for the
PICNIC London birth cohort, 2010-2014. Light pink area indicates the last postcode recorded before pregnancy; dark pink area
includes postcodes recorded during pregnancy; green area indicates postcodes recorded during infancy

1
1
1
Pre-pregdancy Pregnancy First year of infancy
1
]
Matemal Matemal | Child postcodes retained
postcodes | postcodes retained | Matemal postcodes excluded
excluded : :

be expected. We set the move-in date to the birth
date if a child’s first recorded PDS postcode matched
the birth registration postcode, or their mother's
postcode at delivery, and where the move-in date was
recorded up to 12 weeks after birth, (i.e., we assume
that birth postcode was recorded late on the child's
PDS record late). Where the first postcode on the
child’s record did not match the birth registration or
maternal postcode from birth, the child was assumed
to have moved to that postcode after birth from their
birth postcode.

Representativeness and quality

We compare the socio-demographic characteristics (see above)
of children who were linked to at least one postcode record
with those that were not. Furthermore, we examined the
agreement between each of the cleaned weekly Greater London
postcode records for the week of delivery (from the mother's
postcode record) and the week of birth (from the child's
postcode record) and the postcode recorded on ONS birth
registration.

Comparing mothers and children with postcode
changes vs those without

Finally, we derived the proportion of mothers and children who
did not have a recorded change in postcodes and those who
had at least one recorded postcode change during pregnancy
and infancy, respectively. We examined the distributions
of sociodemographic characteristics among children whose
mothers moved during pregnancy and those who moved during
infancy. We also examined these distributions among children
with maternal and child postcode records both in and outside
of Greater London. All analyses were carried out in Stata 17
(College Station, TX: StataCorp LLC) [42].

Ethical considerations

This project was approved by the NHS London Queen
Square Ethics Committee (reference: 18/L0O/1514) and the
Confidentiality Advisory Group (18/CAG/0159), the National
Statistician’s Data Ethics Committee (18(07)), and the ONS
Research Accreditation Panel (2019/020). NHS England data
access was approved by the Independent Group Advising on
Release of Data (DARS-NIC-234656).

Results

Joining the birth cohort to postcode histories

We retained 565,734 children from the original 6,676,911
children in the birth cohort for England (8.5%), the vast
majority of whom were excluded because they had a birth
registration postcode outside of the London area or their date
of birth was outside the study period (Figure 2).

Of the 565,734 children that were included in the London
birth cohort of the PICNIC Study, 499,100 were matched to
at least one maternal postcode record (88.2%), whereas all
children in the cohort matched to at least one child postcode
record (Figures 3 and 4). Children whose birth record did not
link to at least maternal postcode history were more likely to
live in deprived areas, be born earlier in the study period and
have younger mothers (Supplementary Table 1).

Validating and cleaning postcode histories

We present the outcome of each step in terms of the number
and proportion of postcode records excluded.

Step 1 12,637 children (2.2%) had missing maternal
postcodes and/or move-in dates in all postcode
records. We further excluded 9,288 infancy postcode
records with missing move-in dates.

Step 2 We excluded 1,546,083 maternal postcode records as
these were outside the pregnancy period, and 742,765
child postcode records as they had move-in dates
after infancy. A small number of children only had
maternal or child postcode histories before pregnancy
or after infancy (n=332 and n=436), respectively.

Step 3 Following linkage to the ONS postcode directory,
we identified only a small number of postcode
records (2,953 postcode records for mothers and
3,476 records for children) where the postcode was
not correctly recorded (invalid postcodes; Table 1).
We also identified 34,251 maternal postcode records
and 45,554 child postcode records that were recorded
as unknown, with <0.1% of records having no
fixed address recorded. The majority of postcode
records excluded at this step were excluded due to
missing move-in dates: 21.8% of maternal postcode
records (177,935 of 817,174) and 6.3% of children’s
postcodes (55,178 of 882,514) were excluded due to
missing move-in dates. We made the assumption that
the mother or child remained at the same postcode
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Figure 2: Flow chart detailing the steps taken to derive the PICNIC London birth cohort, 2010-2014

Original Englis h birth cohort
(2005-2014 births)

M =6,676,91

L J

PICNIC London birth cohort
(2010-2014 births within
Greater Londan)

M =565734

until the next move-in date where this date was not
missing.

Overall, 549,698 children had mothers who only
had postcodes in Greater London recorded during
pregnancy (97.2%) and 541,900 children (95.8%)
only had postcodes in Greater London recorded
during infancy (Table 2).

Step 4 We excluded 13,232 maternal and 59,069 child
postcode records (2.1% and 7.1% of records retained
at Step 4 respectively) for which move-in dates
were in the same week as retained postcode records
(i.e., where children had multiple postcode records
recorded within one week, we kept one). The final
dataset of cleaned, weekly postcodes in Greater
London during pregnancy and infancy included
626,007 weekly maternal postcode records during
pregnancy for 486,054 children in the cohort (85.9%
of children therefore had at least one cleaned
maternal postcode). It also included 768,267 child
postcode records for the 565,734 children in the
cohort (all children had at least one cleaned postcode
record).

Data quality

The cleaned postcode records for the week of delivery matched
the ONS birth certificate postcode for 400,764 children
(70.8%). The postcode recorded at birth matched the ONS
birth certificate postcode for 537,677 children (95.0%). One
third of children’'s mothers had at least 2 postcodes recorded
during pregnancy and one half of children had two or more
postcodes recorded during infancy (Table 3).

Excluded: \

= Birth registration postcode outside
London CERC area (n =5 362,352)

= Estimated conception date <1 Jan
2010 or date of birth = 31 Dec 2014
(n=668.057)

* Mo linkto MHS data (n = 55,088)

= Multiple births (n = 20,368)

= Stillbirths (n = 2,134)

'\- Missing gestational age (n =3,178)
. J/

Comparing mothers and children with postcode
changes vs those without

Mothers who had more than one postcode recorded during
pregnancy were more likely to be born outside the UK and
be aged less than 25 years at delivery. Similarly, children who
had more than one postcode recorded during infancy were
more likely to have mothers born outside the UK and be
aged less than 25 years at delivery (Supplementary Tables S2
and S3).

Recommendations and lessons learned

We describe a procedure for cleaning maternal and child
postcode history data from PDS for children born in London
for a study of air pollution exposure and child health using
linked vital statistics and administrative health data. This
is the first time national, longitudinal postcode data has
been used to derive residential postcode histories for an
environmental epidemiology study based on administrative
health data in England. Following our cleaning procedure, the
PDS postcode record at week of delivery agreed with the birth
registration postcode for 70% of children; whereas the PDS
record at birth agreed with the birth registration postcode for
95% of children.

We showed that one half of children born in London had
more than one postcode recorded during infancy, and one third
of their mothers had more than one postcode recorded during
pregnancy. The high proportion of children whose mothers had
two or more postcodes recorded during pregnancy or who had
multiple postcodes recorded during infancy shows that using
the address recorded at birth registration alone to allocate
environmental exposures during pregnancy and infancy may
lead to inaccurate attribution of environmental exposures,
which may bias the exposure-outcome relationship. Further,
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Figure 3: Flow chart detailing the steps taken to clean the maternal residential postcode history dataset for the PICNIC London
birth cohort, 2010-2014
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Ny ecords indicates the number of postcode records (a child may have multiple maternal postcode records).
PChildren excluded in the maternal residential postcode history dataset cleaning were included in the final dataset using their birth
registration postcode.

Table 1: Distribution of excluded postcode records (following linkage to ONS postcode directory) for mothers and children in the
PICNIC London birth cohort, 2010-2014

Reason? for exclusion Mothers n (%) Children n (%)
Invalid postcode 2,953 (0.6) 3,476 (0.6)
No fixed abode 272 (<0.1) 683 (0.1)
Unknown postcode (e.g., coded as X99 9XX, ZZ99 3CZ or ZZ99 3WZ) 34,251 (7.0) 45,554 (7.8)
Any data quality issue 37,212 (7.7) 48,903 (8.6)

aGroups are not mutually exclusive.

since younger mothers and mothers born abroad were more London has one of the highest rates of internal migration in
likely to change postcodes, this misattribution of exposures is all of England and Wales during the study period [43]; however,
likely to be systematic and therefore affect the magnitude and similarly high rates of internal migration during pregnancy
direction of the bias. and infancy have been reported in urban areas of the United
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Figure 4: Flow chart detailing the steps taken to clean the children residential postcode history dataset for the PICNIC London
birth cohort, 2010-2014
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Table 2: Distribution of maternal and child postcode records by postcode location in the PICNIC London birth cohort, 2010-2014

Infancy

Pregnancy Only Greater London At least one non-Greater o

postcodes n (%) London postcode n (%) Overall n (%)
Only Greater London postcodes 529,117 (93.5) 20,581 (3.6) 549,698 (97.2)
At least one non-Greater London postcode 12,783 (2.3) 3,253 (0.6) 16.036 (2.8)
Overall 541,900 (95.8) 23,834 (4.2) 565,734 (100)
States [44, 45]. This highlights the importance of linking to We discovered data quality issues with missing move-in
longitudinal address records to account for residential mobility dates, missing postcodes, incorrectly entered postcodes, and
in environmental exposure assignment over time in cohort multiple postcodes recorded in a week. Our cleaning procedure
studies. Our work has highlighted the complexity of cleaning was developed to correct or exclude such records, yet we
national address records from PDS and deriving a longitudinal estimate developing the procedure took an experienced analyst
postcode history dataset suitable for linkage to environmental 4-6 months full time. We were not able to assess whether the
exposure data for research purposes. mother and child actually resided in the postcode recorded
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Table 3: Number of postcode records by residential history
period (pregnancy or infancy) in the PICNIC London birth
cohort, 2010-2014

Number of postcode Pregnancy Infancy
records n (%) n (%)

1 379,994 (67.2) 291,456 (51.5)
2 159,851 (28.3) 197,764 (35.0)
3 23,583 (4.2) 59,253 (10.5)
4+ 2,306 (0.4) 17,261 (3.1)

in the PDS during each week of pregnancy and infancy,
nor whether multiple postcode records indicated residential
moving, or correction of incorrectly recorded addresses. Note
that, in cases where a new postcode record was in fact
a correction to a previously incorrectly recorded postcode,
this would result in more a more accurate assessment of
exposure to air pollution. Validation of postcode histories
from a national registry such as PDS would require using a
recruited birth cohort study where self-reported addresses can
be compared against national address records such as the PDS.

We only had postcode histories available for this study,
which may not reflect exposures at the household level
or accurately capture variations due to daily mobility and
time spent in other locations. Further, as the United
Kingdom Government now mandates recording of Unique
Property Reference Numbers (UPRNs), unique identifiers for
each property address in administrative datasets, including
NHS address records, it is increasingly becoming possible
to link environmental data at dwelling level [24, 30, 46],
rather than postcode level. This provides opportunities for
linking indoor and outdoor environments at fine spatial
scales to administrative datasets for studies in environmental
epidemiology. However, our work shows that cleaning national
address records will require substantial staff resource.

Conclusions

The use of national address records such as the PDS to
derive postcode or address histories offers a way of assigning
longitudinal environmental exposures in cohort studies based
on administrative datasets. However, substantial staff time is
required to clean and validate these address records.
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Table S1: Distribution of key sociodemographic characteristics by maternal records linked and not linked to postcode history in the
PICNIC London birth cohort, 2010-2014

Characteristic

All children n (%)

Children whose maternal records
linked to at least
one postcode record n (%)

Children whose maternal records
did not link to
postcode records n (%)

Overall

Mother's age
<20y

20-24y
25-29y
30-34y
35-39y

40+

Mother's country of birth
UK

Europe (excl. UK)
Middle East & Asia
Africa

Antarctica & Oceania
The Americas

The Caribbean

Missing

Child's year of birth
2010
2011
2012
2013
2014

565,734 (100)

13,590 (2.4)
71,234 (12.6)
146,055 (25.8)
190,929 (33.8)
113,883 (20.1)

30,043 (5.3)

260,152 (46.0)
98,599 (17.4)
103,985 (18.4)
74,700 (13.2)
6,514 (1.2)
14,862 (2.6)
6,901 (1.2)
21 (<0.1)

38,280 (
130,612 (23.1)
136,624 (24.2)
130,840 (23.1)
129,378 (22.9)

6.8)
23.1
24.2

Index of Multiple Deprivation (IMD) quintile

1 (most deprived)
2

3

4

5 (least deprived)
Missing

156,196 (27.6)
169,908 (30.0)
109,192 (19.3)
75,781 (13.4)
53,376 (9.4)
1,281 (0.2)

499,100 (85.9)

11,457 (2.3)
61,295 (12.3)
127,812 (25.6)
169,946 (34.1)
101,917 (20.4)
26,675 (5.3)

227,732 (45.6)
87,996 (17.6)
93,402 (18.7)
64,966 (13.0)
5,967 (1.2)
13,297 (2.7)
5,722 (1.2)
1(<0.1)

30,996 (6.
108,664 (21.
117,327 (23.
122,609 (24.
119,506 (23.
135,178 (27.1)
149,595 (30.0)
97,321 (19.5)
68,296 (13.7)
48,353 (9.7)
357 (0.1)

66,634 (14.1)

2,133 (3.2)
9,939 (14.9)
18,244 (27.4)
20,984 (31.5)
11,966 (18.0)

3,368 (5.1)

32,421 (48.7)
10,604 (15.9)
10,583 (15.9)
9,734 (14.6)
547 (0.8)
1,565 (2.4)
1,179 (1.8)
20 (<0.1)

7,284 (10.9)
21,949 (32.9)
19,297 (29.0)
8,232 (12.4)
9,872 (14.8)

21,018 (31.5)
20,313 (30.5)
11,871 (17.8)
7,485 (11.2)
5,023 (7.5)
924 (1.4)
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Table S2: Distribution of key demographic characteristics by maternal® residential history in the PICNIC London birth cohort,

2010-2014

Characteristic

All children

n (%)

Number of postcode
changes during

Postcode changes within London
or between London and outside

pregnancy London during pregnancy
None n (%) At least London London and
° once n (%) n (%) non-London n (%)

Overall

Mother's age
<20y

20-24y
25-29y
30-34y
35-39y

40+

Mother's country of birth
UK

Europe (excl. UK)
Middle East & Asia
Africa

Antarctica & Oceania
The Americas

The Caribbean

Missing

Child’s year of birth
2010
2011
2012
2013
2014

Index of Multiple Deprivation (IMD) quintile

1 (most deprived)
2

3

4

5 (least deprived)
Missing

565,734 (100)

13,590 (2.4)
71,234 (12.6)
146,055 (25.8)
190,929 (33.8)
113,883 (20.1)
30,043 (5.3)

260,152 (46.0)
98,599 (17.4)
103,985 (18.4)
74,700 (13.2)
6,514 (1.2)
14,862 (2.6)
6,901 (1.2)
21 (<0.1)

38,280 (6.8)
130,612 (23.1)
136,624 (24.2)
130,840 (23.1)
129,378 (22.9)
156,196 (27.6)
169,908 (30.0)
109,192 (19.3)
75,781 (13.4)
53,376 (9.4)
1,281 (0.2)

379,994 (67.2)

7,750 (2.0)
41,308 (10.9)
92,355 (24.3)
131,660 (34.6)
83,859 (22.1)
23,062 (6.1)

183,476 (48.3)
59,687 (15.7)
69,163 (18.2)
49,787 (13.1)
4,265 (1.1)
9,181 (2.4)
4,421 (1.2)
14 (<0.1)

25,511 (6.7)
87,928 (
92,198 (
88,021 (

(

23
24,
23
86,336 (22

1)
3)
2)
7)

105,178 (27.7)
112,606 (29.6)
72,985 (19.2)
51,239 (13.5)
36,998 (9.7)
998 (0.3)

185,740 (32.8)

76,676 (41.3
38,912 (20.9
34,822 (18.7
24,913 (13.4
(1.2)

(3.1)

)

~— — — —

2,249

5,681

2,480 (1.3
7 (<0.1)

51,018 (27.5)
57,302 (30.9)
36,207 (19.5)
24,542 (13.2)
16,378 (8.8)
293 (0.2)

469,354 (96.7)

10,310 (2.2)
56,369 (12.0)
119,283 (25.4)
160,708 (34.2)
97,137 (20.7)
25,545 (5.4)

213,607 (45.5)
83,085 (17.7)
87,949 (18.7)
61,025 (13.0)
5,751 (1.2)
12,531 (2.7)
5,387 (1.2)
19 (<0.1)

29,139 (6.2)

104,743 (22.3)
113,315 (24.1)
111,171 (23.7)

110,96 (23.7)

127,355 (27.1)
140,979 (30.0)
91,504 (19.5)
64,070 (13.7)
45,126 (9.6)
320 (0.1)

16,036 (3.3)

9,232 (57.6
1,825 (11.4
2,723 (17.0
1,797 (11.2

88 (0.6)

~— — — —

3,475 (21.7
4,582 (28.6
3,341 (20.8
2,509 (15.7
2,115 (13.2

14 (0.1)

— — — —

aMothers who did not link to postcode records are not included in these columns.
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Table S3: Distribution of key demographic characteristics by child residential history in the PICNIC London birth cohort, 2010-2014

Number of postcode Postcode changes within London

All children changes during or between London and outside
infancy London during infancy
At least London London and
Tett o, o,

Characteristic n (%) None n (%) once n (%) n (%) non-London n (%)
Overall 565,734 (100) 201,456 (51.5) 274,278 (48.5) 541,900 (95.8) 23,834 (4.2)
Mother's age (yrs)
<20 13,590 (2.4) 4,460 (1.5) 9,130 (3.3) 12,743 (2.4) 847 (3.6)
20-24 71,234 (12.6) 27,394 (9.4) 43,840 (16.0) 67,649 (12.5) 3,585 (15.0)
25-29 146,055 (25.8) 68,317 (23.4) 77,738 (28.3) 139,742 (25.8) 6,313 (26.5)
30-34 190,929 (33.8) 103,312 (35.4) 87,617 (31.9) 182,926 (33.8) 8,003 (33.6)
35-39 113,883 (20.1) 68,619 (23.5) 45,264 (16.5) 109,754 (20.3) 4,129 (17.3)
40+ 30,043 (5.3) 19,354 (6.6) 10,689 (3.9) 29,084 (5.4) 957 (4.0)
Child's sex
Female 275,513 (48.7) 142,176 (48.8) 133,233 (48.6) 263,981 (48.7) 11,532 (48.4)
Male 290,221 (51.3) 149,176 (51.2) 141,045 (51.4) 277,919 (51.3) 12,302 (51.6)

Mother's country of birth

UK 260,152 (46.0) 140,367 (48.2) 119,785 (43.7) 246,329 (45.5) 13,823 (58.0)
Europe (non-UK) 08,599 (17.4) 45,854 (15.7) 52,745 (19.2) 95,340 (17.6) 3,250 (13.7)
Middle East & Asia 103,985 (18.4) 54,112 (18.6) 49,873 (18.2) 100,633 (18.6) 3,352 (14.1)
Africa 74,700 (13.2) 37,445 (12.8) 37,255 (13.6) 72,083 (13.3) 2,617 (11.0)
Antarctica & Oceania 6,514 (1.2) 3,358 (1.2) 3,156 (1.2) 6,314 (1.2) 200 (0.8)
The Americas 14,862 (2.6) 7,075 (2.4) 7,787 (2.8) 14,450 (2.7) 412 (1.7)
The Caribbean 6,901 (1.2) 3,233 (1.1) 3,668 (1.3) 6,730 (1.2) 171 (0.7)
Missing 21 (<0.1) 12 (<0.1) 9 (<0.1) 21 (<0.1) 0
Child’s year of birth

2010 38,280 (6.8) 19,597 (6.7) 18,683 (6.8) 36,816 (6.8) 1,464 (6.1)
2011 130,612 (23.1) 67,511 (23.2) 63,101 (23.0) 125,615 (23.2) 4,997 (21.0)
2012 136,624 (24.2) 70,205 (24.1) 66,419 (24.2) 131,01 (24.2) 5,553 (23.3)
2013 130,840 (23.1) 67,169 (23.0) 63,671 (23.2) 125,145 (23.1) 5,695 (23.9)
2014 129,378 (22.9) 66,974 (23.0) 62,404 (22.8) 123,253 (22.7) 6,125 (25.7)
Index of Multiple Deprivation (IMD) quintile

1 (most deprived) 156,196 (27.6) 79,672 (27.3) 76,524 (27.9) 150,847 (27.8) 5,349 (22.4)
2 169,908 (30.0) 85,062 (29.2) 84,846 (30.9) 162,422 (30.0) 7,486 (31.4)
3 109,192 (19.3) 55,577 (19.1) 53,615 (19.5) 104,102 (19.2) 5,000 (21.4)
4 75,781 (13.4) 40,088 (13.8) 35,693 (13.0) 72,332 (13.4) 3,449 (14.5)
5 (least deprived) 53,376 (9.4) 30,357 (10.4) 23,019 (8.4) 50,978 (9.4) 2,398 (10.1)
Missing 1,281 (0.2) 700 (0.2) 581 (0.2) 1,219 (0.2) 62 (0.3)
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