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It is axiomatic to Information Geography that, wherever possible, data about human subjects should be created
and maintained at the level of the individual. This paper develops and evaluates an innovative approach to
inferring the ages of individuals from their given and family names. We use a major UK consumer lifestyles
survey alongside baby name statistics to establish the age distributions associated with a comprehensive range of
given names. We also use the mix of adult given names within different types of households to refine our age

estimates for specific individuals. We evaluate the accuracy of these estimation techniques with respect to (a)
specific respondents to a lifestyles survey and (b) UK Census small area estimates. We describe how this approach
can be used to ascertain the representativeness of new sources of data and suggest further ways in which the
methods might be refined using other contextual information.

1. Background

Social science interest in information geography has been fuelled by
vast recent increases in the amount of data that are collected about
citizens today. However, because ever increasing proportions of these
data are collected through consumer transactions, rather than conven-
tional government social surveys, it is no longer the case that the terms
‘data’ and ‘information’ can be thought of as near synonyms (Longley
and Chen, 2025). ‘Smart’ data collected as a result of human interactions
with digital devices during provisioning of goods or services are a
by-product of these transactions rather than any integral part of research
design or social investigation. Turning data into useable information
frequently requires consideration of the population from which typically
self-selecting data subjects are drawn and diagnosis of the sources and
operation of bias when comparing the elements of the represented
population with those that are absent. This typically requires careful
triangulation with conventional statistical sources that, although typi-
cally less rich in detail and less frequently collected, adhere to a con-
ventional research design with sampled elements having known and
prespecified probabilities of inclusion.

With these crucial provisos, new sources of smart data can greatly
enrich information geographies of the socioeconomic realm, with
frequent updates. There is, however, a further caveat that few
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organisations that collect smart data have monopoly positions in the
delivery of a full range of digital or physical services and, as such, rep-
resentation of the human self is ‘Balkanised’ into shards of data rather
than the holistic ranges of characteristics that are required to support
most social investigations (Goodchild, 2022). Thus, while consumer and
administrative data have become increasingly important for studying
processes of population change, the requirement to provide a compre-
hensive range of characteristics to support social investigations requires
linkage of different data sources or modelling of missing characteristics.
The inherent ambiguities of linking data that pertain to aggregations of
individuals present in areas creates possible issues of ecological fallacy
in geographic analysis (Openshaw, 1984). Lined smart data represen-
tations of individuals are thus best grounded at the level of the human
individual.

An example of UK data infrastructure derived from various con-
sumer and administrative sources is the Linked Consumer Registers
(LCRs: Lansley et al., 2019). This annual series of UK adult names and
addresses is geographically referenced, maintained and updated at the
level of the individual citizen. It is primarily built from electoral reg-
isters but then supplemented with consumer datasets to capture in-
dividuals not registered to vote or otherwise absent from the public
version of the register. For every year between 1997 and the present
day, the LCRs provide georeferenced individuals' names and addresses
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that enable a highly disaggregated and frequently updated represen-
tation of population size and household structure. The data are
collected and maintained by the Geographic Data Service (GeoDS:
https://data.geods.ac.uk/dataset/linked-consumer-registers), which
is part of the Smart Data Research UK initiative (www.sdruk.ukri.
org/about-smart-data-research/), A principal motivation for the crea-
tion and maintenance of these data is that modelled characteristics of
individuals and households are best grounded at the level of the in-
dividual and that frequently updated highly disaggregate estimates
offer new ways of measuring and modelling population characteristics
for any convenient (and non-disclosive) geographic aggregation. De-
rivative ‘research ready’ (Longley et al., 2024) datasets include small
area modelled ethnicity proportions (https://data.geods.ac.uk/dataset
/modelled-ethnicity-proportions-lsoa-geography), estimates of dis-
tances of residential moves (https://data.geods.ac.uk/dataset/distan
ces-of-residential-moves-dorm-index-lad-geography) and neighbour-
hood measures of the changes in neighbourhood living conditions that
accompany residential moves (https://data.geods.ac.uk/dataset/r
esidential-mobility-and-deprivation-rmd-index-lad-geography). These
research ready datasets are made available for bona fide public good
research upon successful application to the GeoDS.

For the principal year used for this study, the 2011 LCR lists similar
numbers of adult residents throughout the UK to the Census of Popu-
lation conducted in that year. The strength of the LCRs lies in providing
detailed individual-level data that, with disclosure control safeguards,
can be linked and aggregated to any desired geography. For example,
Van Dijk et al. (2021) use the LCRs to develop longitudinal analysis of
intra-national migration and residential mobility; and Kandt et al.
(2020) couple historic censuses with contemporary LCRs to investigate
population change over several generations.

While the multiple linked data sources that make up LCRs can be
used to study changes in the presence or absence of individuals and
households using highly granular geographies, individual and house-
hold level characteristics such as gender, age and ethnicity are not
available. Previous research has begun to address these issues through
estimating individual ethnicity characteristics by examining personal
names: research conducted in partnership with the Office for National
Statistics (ONS: Kandt and Longley, 2018; Lan and Longley, 2023) has
developed individual-level name-based ethnicity classifications that
have been used to develop scale-free analysis of ethnic segregation (Lan
et al., 2020) and to chart inter-generational social and spatial in-
equalities of outcome (Longley et al., 2018). Lansley and Longley (2016)
pilot an approach to investigate the gender and general age character-
istics associated with some forenames in Britain, exploiting variations in
the popularity of different given names over time.

This study explores aggregate generalizations of individuals' ages in
relation to their household structures, and validates its findings. By
extending and updating previous work on name-based age and gender
profiling, we develop a contemporary classification for 19,000 given
names. We construct new household models of joint age distributions to
improve age estimates, and then link a 2022 lifestyles survey to validate
the age models. The lifestyles survey, conducted by PDV Ltd., is a
commercial dataset developed for marketing and research purposes in
the United Kingdom, and is also made available for academic use by the
Geographic Data Service (GeoDS: data.geods.ac.uk/dataset/pdv-
consumer-lifestyle-surveys). The dataset contains over 17 million indi-
vidual records, collected from 2008 to 2021, encompassing adult re-
spondents’ names, addresses, birth dates, gender, and household
characteristics. The PDV dataset is a large and rolling private sector
survey that, with appropriate user consents, is used for marketing pur-
poses by a large and varied private sector client base. Participation in the
survey is voluntary and through various online and other channels. As
such the survey exhibits some bias, most evidently for present purposes
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in the age and gender distribution of respondents which are dispropor-
tionately female and over 30 years of age. There is also bias in reported
housing tenure, with mortgage holders significantly over-represented
(39.25%) and outright homeowners strongly under-represented
(10.10%), compared to Census 2021 estimates of 28.74% and 32.83%
respectively. In terms of housing type, the PDV survey under-represents
residents of flats and detached houses while slightly over-representing
those in semi-detached homes. Marital status, however, is broadly in
line with national distributions, and there is no reason to anticipate that
the names of those included deviate from those of the population at
large.

It is axiomatic to Information Geography that, wherever possible,
data about human subjects should be created and maintained at the level
of the individual, in order to anticipate the risks of ecological fallacy
when such data are analysed. In this context, this study is also new and
novel in three respects. Firstly, we not only employ individual proba-
bilities to assign ages to individuals but also use the joint probabilities of
multiple adult household members to refine them. Secondly, we
compare our estimates against the ONS 2011 Census single-year re-
ported age frequencies for Lower layer Super Output Areas (LSOAs).
Finally, we validate the final estimated individual ages by using data
from individuals who participated in the PDV survey.

2. Development and application of an age and gender predictive
model

Our approach is built around two pillars, each of which serves a
unique purpose within the broader scope of information geography.
Firstly, in seeking to replicate 2011 Census estimates, we develop a
model which enables us to use annual LCRs to determine the ages of
individuals in any year of the LCRs pre- or post-2011. This approach
enables micro-demographic analysis of changes in the ages of neigh-
bourhood residents at any convenient scale of analysis. Secondly, and of
potentially greater significance, is the development of a more general
predictive model that can be applied to any other UK address list which
includes household composition. The flexibility of this model, and its
general applicability to other datasets, makes it a high-value output for
demographic research, including the triangulation of smart data with
conventional statistical or administrative sources in order to establish
their provenance. As such, it can be seen as a contribution to a devel-
oping paradigm in which intelligent data services distil ‘research ready’
extracts from assemblages of smart or administrative data in ways that
are efficient, effective and safe to use across the research community
(Longley and Chen, 2025; Longley et al., 2024; McGrath-Lone et al.,
2022).

The core of the model lies in predicting the age and gender of in-
dividuals based on the available PDV survey data. To enhance the ac-
curacy of these predictions, we propose that gender-specific age
estimates are adjusted using weights derived from a comparison be-
tween ages recorded in the lifestyles survey and the 2011 Census of
Population. In developing a joint model for households with at least two
members, it is suggested that the model be weighted by the statistical
moments of the component name distributions. For example, the age
predictions for names with different distributions, such as John (platy-
kurtic, negatively skewed, high standard deviation) versus Kylie (lep-
tokurtic, positively skewed, low standard deviation), should account for
these variations. For common forenames, we introduce weighting using
the reciprocal of the variance as an initial step. The model also addresses
the challenge of handling rarer names that may not exhibit continuous
distributions.

We are guided in this endeavour by the findings of past studies in this
underdeveloped area of research. Our research design is formative,
entailing exploration of different measures of central tendency and
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permutation of joint name distributions to suggest a best global fit
against exacting performance metrics.

3. Data used for age and gender estimation

The age and gender estimations in this study rely on multiple data-
sets that provide a comprehensive view of individuals’ demographics,
particularly names, ages, and household structures. The primary data-
sets used are the 2011 LCR and the 2023 PDV Consumer Lifestyle Sur-
vey. While the LCRs do not include age or gender, they provide a strong
backbone for individual level linkage with the PDV survey responses,
specifically of name, gender and date of birth. For the purposes of this
study, we select the 2011 LCR because aggregated estimates are directly
comparable with the UK Census of Population, enabling evaluation of
age estimates against a well-established demographic dataset (Van Dijk
et al., 2021). Inclusion of most all-adult household members in the 2011
LCR enables the development of joint age distribution models for
households (see Fig. 1).

Given the PDV survey's restriction to adults, additions were required
to complete forename age distributions with younger age cohorts. UK-
wide ONS counts of forenames of newborns were compiled for each
year since 1997, and were integrated with the PDV data to fill in gaps for
individuals under 27 (see Fig. 1). In addition to providing estimates for
minors, these counts were used to overwrite PDV data for young adults,
as participation rates in the Survey are observed to be low in the
youngest adult age groups (Fig. 2). Gender was assigned to the category
that accounted for more than 50% of bearers using the combined and
weighted PDV and ONS datasets. We next calculated the total 27+
population from the 2021/2 Census and devised the weights required to
gross each annual PDV or ONS baby names sample to its corresponding
population size estimate (Fig. 3). These grossing factors were applied to
each given name when estimating the age distribution of bearers of that
name. An illustration of the age distribution of bearers of the name Paul
in 2023 is shown in Fig. 4.

Our inference of ages from given names in 2011 relies upon changes
in the popularity of names over time, observed in 2023 — by which time
the extents of the older age cohorts in Fig. 3 had been eroded by mor-
tality. Accordingly, we utilized ONS Life Tables to adjust the observed
age distributions to account for the higher gender-specific mortality
rates in successively higher annual age bands. For each forename, we
estimate the number of people aged i in year t-1 as:

Pri

P =—t 1
t—1,i—1 17d,,17;,1 ( )

where:
P, ; is the population aged i in year t (e.g. 2023).
dy.1,.1 is the death rate for each age i-1 during year t—1 (e.g. 2022) to

The formula assumes net migration to be zero and uses the ONS Life
tables (Office for National Statistics, 2024) to estimate the fraction of
each 2011 age cohort that had deceased. We then reweighted each Age
and Gender by Forename (AGF) distribution by the difference between
this figure and the count of survivors in each single age. This process
enables estimation of the complete probability density distributions for
any forename in any chosen year — specifically in our research, to enable
comparison of age estimates with 2011 Census data. The intermediate
AGF dataset contained age frequency distributions for more than 19,000
forenames.

Fig. 5 compares the age pyramid estimates from the 2011 UK Census
with the mortality adjusted 2011 intermediate AGF data. Age-specific
weights were added to the grossing factors used in Fig. 3 to reconcile
the combined AGF distribution with 2011 Census estimates. These
weights were then applied to each occurrence of a given name in every
age cohort in which it occurred. Fig. 6 shows the resulting age distri-
bution for the name Paul using the final 2011 AGF model.
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Fig. 1. Flowchart for the creation of the Age and Gender by Forename (AGF)
distributions.

4. Refining 2011 LCR age and gender estimates

The reweighted 2011 AGFs for every given name were used to
provide a range of provisional estimates of the ages of household
members recorded in the 2011 LCR. In applying the 2011 AGF model,
we were mindful that some forenames regain their popularity enjoyed
in past generations, manifest in bi- or multi-modal AGF distributions.
In developing a parsimonious implementation of the AGF model, we
began as agnostic as to whether mean, median or modal values should
be assigned to a name bearer, where there was no available ancillary
information to refine estimates. Where such information was available,
specifically from cohabitation with other adults, we were predisposed
to use the median of candidate ages. We used the following steps to
assign and validate ages for individuals in a range of household
circumstances:

1. For households comprising a lone adult, the mean, median and
modal ages were assigned from the forename age probability
distribution.

2. For individuals living in multi-adult households, we estimated indi-
vidual ages using different measures of central tendency and
household heuristics developed from previous research, as set out in
Table 1.
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Life Tables).
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Fig. 5. Age pyramid for the 2011 Age and Gender by Forename (AGF) distribution (shown using black outlines) and 2011 Census estimates (solid colouring).
Differences are used to devise age-specific weights to align the AGF with the Censuses.

3. All 2011 LCR age estimates were then aggregated to LSOA level and
compared with 2011 Census estimates.

4. For unique individuals identified in both the 2011 LCR and the PDV
survey, estimated and observed ages were compared.

Table 1
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Fig. 6. Probability density distribution for the name ‘Paul’ in 2011, adjusted for age-specific mortality rates.

Single and multi-person household age calibration heuristics.

The heuristics set out in Table 1 are developed around what is known

about names, ages and household structure in the UK. Specifically: (a)

mean age differences between partners upon first marriage in 2011 was

2 years (ONS, 2013) and most differences were less than 10 years; (b)

Number of Gender (M or F) of Surnames within ~ Modal age difference/range Age adjustment
individuals in individuals in household ~ household between household members
household
1 MorF Any Not applicable Age candidate (mean, median, mode) from AGF 2011
2 M and F Same surname Less than 10 years Household distributions with less than 2000 bearers of the two names
Age female = mean of the inverse variance weighted means of the
individual name distributions
Household distributions with more than 2000 combined counts
Age female = mode of the combined distribution
In both cases
Age male = Age female + 2
2 M and F Any More than 10 years Retain individual (mean, median, mode) ages.
2 MM or FF Any Not applicable Retain individual (mean, median, mode) ages.
3 or more Any 2+ share same Same surname differenceless ~ Take the two highest modes and use their combined distribution (?) and
surname than 16 years retain mean, median and mode for the remaining individuals in the
household
3 or more Any 2+ share same Same surname difference Take the second and third highest modes in the combined distribution and
surname more than 16 years use age candidate of individual distribution for the remaining individuals
in the household.
3 or more Any Different Age candidate (mean, median, mode) from AGF 2011
surnames
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Table 2
Household composition counts and proportions of the number of people per
household in the LCR and in the corresponding ONS table for 2011.

Number of adult individuals LCR count  ONS LCR % ONS %
in household count
1 8,687,009 7,875,613 40.067%  36.324%
2 8,629,116 8,794,219 39.800%  40.561%
3 2,825,772 3,984,040 13.033%  18.375%
4 1,090,855 3,221,192 5.031%  14.857%
5 287,371 872,978 1.325% 4.026%
6 80,571 162,456 0.372% 0.749%
7 28,263 21,614 0.130% 0.100%
8+ 52,482 18,747 0.242% 0.086%
14%
10%
9%
c
_g 8%
0,
g 7%
E 6%
5%
4%
3%
2%
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modal ages are most appropriate for characterising common names
(defined through our analysis as having 1000+ bearers in the PDV
survey) because some are observed to be multi-modal, while means
provide better measures of rarer names that may have discontinuous
distributions; and (c) 16 years is commonly taken as the minimum in-
terval separating successive generations. Joint age distributions of
co-habiting household members were obtained by combining the age
distributions of the forenames associated with all permutations of
different pairs of household members (Hancock et al., 2003). The most
common operations were applied to two-person households in which
members shared a common surname, with the aim of differentiating
between households from the same generation (couples, siblings and

S M e
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Fig. 7. Ages of individuals resident in single adult households, estimated by applying the mode of the AGF distribution to the 2011 LCR (shaded grey) and the 2011

Census (unshaded), expressed as proportions of the total population.
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Fig. 9. Probability density distribution for the name ‘John’ in 2011.

informal households) and single parents living with non-dependent
next-generation adults.

Households were defined simply as the total number of adults resi-
dent at an address in the 2011 LCR. This fulfils only the first elements of
the ONS household definition of ‘one person living alone, or a group of
people (not necessarily related) living at the same address who share
cooking facilities and share a living room, sitting room, or dining
area’ (emphasis added). The 2011 LCR significantly under-enumerates
the number of adults living in households that include three, four or
five adults (Table 2).

4.1. Model step 1: individual models

First, all individuals in single adult households were assigned the
mean, median and modal adult age associated with their forenames from
the 2011 AGF. These statistics were assigned for each of the 19,237
unique forenames that have 100+ bearers in the PDV data, accounting
for 99+% of all records in the 2011 LCR. Fig. 7 presents the distribution
of modal AGF estimates which, in common with the other measures of
central tendency shows bunching of AGF estimates in early adulthood
and late old age. The coincidence of the modal age of some very common
names (e.g., John or Patricia) at ages 63 and 64 leads to heavy over-
estimation of these age cohorts, contrasting with persistent, albeit much
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less pronounced, under-estimation throughout much of the distribution
spanning ages 24-78.

Fig. 8 presents the distribution of residuals for each annual age band
at the LSOA level, calculated as the difference between the proportion of
named individuals in each predicted age class in the LCR and the cor-
responding 2011 Census estimates. The first five years of adulthood
aside, most of the residuals are close to zero, falling within+5% of the
Census estimate (shown by the grey dotted lines), with the exception of
ages 63 and 64, where extremely low Census values manifest the dis-
torting effect of several very common names with wide age distributions
but shared modal values. Fig. 9 illustrates how the name ‘John’ con-
tributes to this effect, remaining common across the 2011 AGF, with a
small peak at age 64: the popularity of the name peaked in the 1950s and
has subsequently declined incrementally. In the absence of household or
other adjustments, this means that the modal value has a strong influ-
ence on the overall modelled age distribution.

Fig. 10 further illustrates the distorting effects upon 2011 LCR AGF
estimates of bearers of forenames with modal ages of 18, 63, and 64. It is
evident that modal ages of common forenames such as John, Robert,
Peter, Mary, Patricia, Paul or Andrew provide limited information
content and have wide error margins. In households comprising multiple
adults, these effects can be mitigated by adjusting modal values utilising
information from other household members.
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Fig. 11. 2011 Age estimation for John and Mary Smith living together.
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4.2. Model step 2: household model

The household model was used to adjust the estimated ages of
cohabiting individuals to improve consistency and precision of within-
household age estimates. Adjusted age estimates were obtained by
applying the heuristics shown in Table 1, as appropriate, to multi-person
households, and comparing multiple AGF summations where necessary.
The heuristics are based on the number of persons in each household
with a focus on differentiating between co-habiting couples (with or
without dependent children), intergenerational families and informal
multi-adult households as formulated by Ni Bhrolchain (2005), Hancock
et al. (2003) and our own experimentation. Fig. 10 illustrates the
approach for a household comprising John and Mary Smith (Table 1,
case 2). Two-adult households account for approximately 40% of the
records in the LCR (Table 2), while John and Mary are two very common
names in the UK (Fig. 10). Fig. 11 confirms that John and Mary are more
likely to be partners than an intergenerational family. The heuristic for
this case in Table 1 suggests calculating the difference between the ages
of the individuals derived from the AGF distributions: the difference is
less than 10 years and so we considered the two individuals to be a
couple. The names John and Mary together have more than 2000 ob-
servations and so we calculated the inverse variance weighted mean of
their combined distributions. The adjusted age for the female, Mary, was
the inverse variance weighted mean of her age. The age of the husband
was then calculated as the age of the wife plus two years to reflect the
typical difference in age upon marriage (Hancock et al., 2003).

For cases where the number of observations making up the 2011 AGF
were less than 1,000, such as for Zafar and Shreya (Fig. 12), the age of
the female was calculated as the mode of the household distribution, 18,
and the age of the husband is therefore 20.

5. Results and validation

We assessed whether the addition of heuristics would improve the
age estimation model and then chose the available options that per-
formed best. Analysis of heuristics is computationally intensive and,
given the requirement to work with personal data in a secure trusted
research environment, it was not possible to undertake evaluation using
the entire population data. Evaluation of the available heuristics was
therefore performed across three contrasting boroughs: Camden, Sol-
ihull and Knowsley. Table 3 summarises their principal socio-economic
and demographic characteristics according to the 2011 Census and
Output Area Classifications (OAC: Gale et al., 2016). Solihull was
selected because of its predominantly suburban character, with a sig-
nificant proportion of detached and semi-detached dwellings, and its
relatively aged demographic profile. This selection reflects the borough's
appeal as a residential area for retirees. Camden is a densely populated,
ethnically diverse inner-city area with a younger, more heterogeneous
population, including a significant proportion of students, young pro-
fessionals, and immigrants. Knowsley was selected for its predominantly
working-class suburban profile, with a younger population and a sig-
nificant proportion of social housing. The Borough has low educational
attainment and high unemployment compared to the UK national
average. In contrast to Solihull's older demographic, Knowsley has more
families with children and a less ethnically diverse population, with over
95% identifying as White British.

The validation process encompassed three dimensions: LSOA level,
aggregated age level, and individual level, with the goal of assessing the
best measure of central tendency from the AGF and the value of using
the household heuristics. The final step of the validation process
involved matching LCR individuals in the three local authorities to the
original PDV survey.

First, we compared the aggregated LSOA estimates to the 2011
Census. The Census tables enable calculation of proportions of the LSOA
falling into every adult single year of age. These were compared with
LSOA aggregations of age estimates calculated using the AGF means,



M. Gibin et al.

Table 3

Proportion
o
I

Information Geography 1 (2025) 100023

0.05+

e

o

=
"

0.03

27 32

37 42

47

52 57 62 67 72 77 82

Age

Fig. 12. Household distribution for the names Zafar and Shreya.

Socio- and geo-demographic characteristics of Camden, Solihull and Knowsley
in 2011 (source: ONS Census statistics).

Table 5
Model performance metrics for all age estimation models with the use of heu-
ristics: Camden, Solihull and Knowsley.

Camden Solihull Knowsley
Total Population 220338 206674 145893
Male (%) 48.9 48.6 48.3
Female (%) 51.1 51.4 51.7
Aged 0-15 (%) 16.1 18 19.7
Aged 16-64 (%)  73.1 61.6 64.4
Aged 65+ (%) 10.8 19.2 15.9
White (%) 66.3 89.1 97.2
Other 33.7 10.9 4.7
Ethnicities
(%)
OAC Cosmopolitan, Suburbanites, Hard-Pressed
Supergroups Multicultural Rural Residents Living,
Metropolitans Suburbanites
OAC Younger Older populations, Higher
Supergroups populations, high ~ homeownership, unemployment,
characteristics  rental density, affluent suburban younger

diverse student
and professional

and rural areas

population, social
housing, family-

oriented suburban
areas

communities

medians and modes of the forenames of all adults present in the LCR.
Corresponding calculations were also made using the heuristics for
multi-adult households as set out in Table 1. In each instance, model
performance was assessed by calculating: the root mean squared error
(RMSE) differences in proportions; R? statistics obtained from regressing
predicted LSOA mean age against observed mean age; and counts of the
total number of predicted age bands found (with higher counts seen as
indicating less distorting concentration of results on the modal ages of
bearers of common names). The data in Table 4 confirm that the
introduction of heuristics improved over-all model performance for
every measure of central tendency. The RMSE is smallest, while R? and

Table 4
Model performance for age estimation models with and without the use of
heuristics for Camden, Solihull and Knowsley.

AGE CANDIDATE RMSE PROP R-SQUARED AGE AGE CLASSES
AGE TOTALS TOTALS IDENTIFIED

Mean without 0.0109 0.3037 58
heuristics

Mean with 0.0091 0.3806 69
heuristics

Median without 0.0098 0.3326 67
heuristics

Median with 0.0086 0.3661 69
heuristics

Mode without 0.0280 0.0363 69
heuristics

Mode with 0.0208 0.0541 69
heuristic

MEAN MAE PDV CORRECT AGE AGE PLUS
LSOA INDIVIDUAL PROP (%) OR MINUS 1
RMSE (%)
Mean with 0.0124 10.422 3.40% 10.30%
heuristics
Median with 0.0116 10.4686 3.80% 10.85%
heuristics
Mode with 0.0227 11.8685 3.78% 10.77%
heuristic

age class count statistics suggest that use of the AGF median provides the
closest fit with the Census.

Second, we calculated similar RMSE differences between the pro-
portions falling into every adult age band in the study areas (Table 5,
column 1). Here again the use of AGF medians with heuristics enabled
the closest match with the Census LSOA tables. Third, the individual-
level validation yielded mixed results, which had been anticipated
given that the heuristics were applicable only to a subset of the
population.

The use of medians with heuristics performed consistently well
across all of the metrics, delivering the best values for R?, RMSE and the
proportion of PDV-matched individuals whose ages were precisely
estimated. Fig. 13 compares the recorded ages of PDV survey re-
spondents with the mean of their estimated ages using the AGF model.
AGF estimates gravitate towards middle age and tend to be most adrift of
recorded ages in the youngest and oldest cohorts, consistent with Fig. 8.

6. Discussion and further work

The opening section of this paper argued that new sources of smart
data enabled integration of richer and more frequently updated data into
information geographies, but that this required data augmentation,
linage and triangulation to realise these benefits. It also argued that
these processes were best accomplished at the level of the human indi-
vidual to avoid issues of ambiguity and ecological fallacy in aggregated
data. Our empirical analysis has demonstrated how individual level
smart data can be augmented, and predictive errors managed, using
probabilistic distributions of ages developed from ancillary sources and
validated using aggregate social survey (census) data. Retention of the
human individual as the unit of modelling and analysis in these en-
deavours renders the results flexible in further linkage to other smart,
survey or administrative sources. From this perspective, smart data
enable enrichment through linkage to other information geographies,
exploiting point geographical referencing to bring together diverse
smart data from different data domains. Estimation of individual age
and gender estimates in ISO27001 environments also means that the
approach preserves individual privacy, since stand-alone or lined esti-
mates are only exported in aggregated form, subject to similar
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Fig. 13. Median values for individuals' estimated ages compared to values recorded in the Lifestyles Survey using median estimates and heuristics: Camden, Solihull

and Knowsley.

thresholds to those used by the U Office for National Statistics.

This said, estimating an individual's age solely based on their fore-
name presents significant challenges, particularly in the absence of
supplementary information. In this study, we developed and applied
heuristic methods to adjust age estimates by considering the charac-
teristics of the household in which the individual was resident. We
conceived this as a general-purpose problem framed only by numbers of
adults in each household, and so refrained from using any explicit spatial
model, such as stratifying the AGF distribution by geography — at any
scale ranging from the regional to the very local. Our findings indicate
that the use of heuristics significantly enhances the accuracy of age and
sex estimations, outperforming use of measures of central tendency
alone. The goals of reproducing neighbourhood age structures as
measured by censuses and of predicting individuals' ages to within one
year are very ambitious: our results are encouraging, but further
research is required.

A critical limitation of the data and the model is posed by single adult
households. These are over-represented in the LCR, and we have not
devised heuristics to adjust our estimates beyond forename-specific
measures of central tendency. Future research might develop and use
contextual information to supplement household composition. This
might include, for example, construction type of residence, neighbour-
hood characteristics such as residential density, duration of residence, or
other linkable data. Most fundamentally, perhaps, might be to use pre-
cise georeferencing and the geodemographics adage that ‘birds of a
feather flock together’ (Harris et al., 2005) to validate age estimates
with respect to adjacent or neighbouring properties.

10

Although the method reported here drives the focus of estimation to
the ultimate level of the individual, we have not attempted to accom-
modate the geographic context in which any individual lives. This may
be important in potential applications, since there are regional as well as
social variations in naming practices, present day and historic. We have
not attempted to accommodate these here, since they presume data
about and understanding of both regional naming practices and the
cumulative effects of subsequent residential mobility patterns. Related
to this, regional and social variations in the UK-wide mortality statistics
that we use to hindcast the 2011 age distribution. In terms of the mo-
tivations for this research, these considerations are not of primary
concern in the development of name-specific age distributions, but
present a focus for future research to create an individual level foun-
dation model for forecasting social, economic and demographic change
in the UK. Detailed understanding and accommodation of the socio-
economic biases in the PDV data will be integral to this task. A further
extension might be to hindcast name- and gender-specific age distribu-
tions beyond the current generation, perhaps using historical telephone
directory or census data (Tanu et al., 2024; Lan and Longley, 2023).

These approaches introduce considerable additional complexity and
must be pursued with caution. Refining both individual and joint
household models and carefully weighting the predictions for consis-
tency with statistical sources can enable highly disaggregate local
models that can be used to predict changing neighbourhood circum-
stances over the short, medium and longer terms. The associated pro-
cesses of data triangulation and augmentation should be carefully
documented to make clear the mix of general purpose versus contextual
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modelling that has been undertaken. The continued exploration of
name-based predictions offers significant potential, particularly when
addressing the challenges posed by uneven data distributions and
varying household compositions. Attribution of age estimates to pre-
cisely georeferenced addresses enables non-disclosive aggregation of
results to any convenient administrative or grid geography (see, for
example, Lloyd, 2015; Martin et al., 2013). Smart data today offer great
depth of behavioural insight through the provision of detailed trans-
actions or interactions with smart devices, but little or no information as
to how the data relate to any known population. Inference of general-
isable demographic characteristics such as age and gender enable
triangulation of such data sources (e.g. see Grow et al., 2022). Trian-
gulation of aggregated estimates to grids or administrative geographies
also enables short-term updating and monitoring of change dynamics
where conventional statistical or administrative sources are rarely
updated and may be required for any of a range of aggregations of
individuals.
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