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Abstract

Background In this scoping review, we aimed to examine evidence on methods used to construct disability
indicators in linked administrative datasets and describe the approaches used to assess the validity of the indicators.

Methods Medline (Ovid) and Embase (Ovid) were searched for studies published between January 2010 and June
2023. Original, peer-reviewed studies that aimed to construct a disability indicator using linked administrative data
sources were included. Studies identifying any types of disability were included, but not those which defined the
target population in terms of specific health conditions. We produced a narrative synthesis of findings related to
disability indicator construction methods and validation approaches.

Results Thirty-six relevant studies were included, with 30 of those identifying a cohort of people with intellectual
and/or developmental disability. Health data sources were most commonly used for indicator construction, with 33
of the studies using at least one health data source. Disability and education sector data sources were also commonly
used. Diagnostic codes were used for disability identification in 34 of the 36 studies; 16 used diagnostic codes alone
and 18 used diagnostic codes along with other information. A subgroup of 19 studies had a primary aim to create a
disability cohort or estimate disability prevalence. Thirteen of these 19 studies compared their estimated prevalence
rates with previously published estimates. Only five studies conducted testing to investigate the extent to which their
derived disability indicator captured the intended target population.

Discussion We found a paucity of evidence on methods for identifying a target population of people with diverse
disabilities. In the existing literature, diagnostic information is relied upon heavily for disability identification, likely
due to a lack of other types of disability-relevant information in administrative data sources. Use of derived disability
indicators within linked data holds potential to advance research regarding people with disability. It is crucial,
however, to conduct and report validation testing to understand the strengths and limitations of the indicators and
inform their use for specific purposes.
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Introduction

The United Nations Convention on the Rights of Persons
with Disabilities (CRPD) [1] is an international human
rights treaty. It affirms the need for people with disabil-
ity to be guaranteed full enjoyment of human rights and
fundamental freedoms across all aspects of life, recognis-
ing that “persons with disabilities continue to face bar-
riers in their participation as equal members of society
and violations of their human rights” The CRPD is near-
ing universal ratification, with 186 States Parties in 2023
[2]. Governments that have ratified the Convention are
required to adopt “appropriate legislative, administrative
and other measures” to implement the rights recognised
in the Convention (Article 4) [1]. Further, they need to
report on progress towards achieving these rights, and to
collect statistics to inform policy implementation and to
monitor the Convention (Articles 31, 33 and 35) [1].

Based on 2021 Global Burden of Disease Study data,
the World Health Organization estimates that 16% of the
world’s population has significant disability [3]. Across
the globe, people with disability continue to experience
poorer health outcomes compared with the wider popu-
lation [4-7]. There is growing recognition that these
health disparities are largely socially produced and modi-
fiable, driven by inequities in relation to social determi-
nants of health [8, 9]. In addition, people with disability
often experience barriers to gaining equitable access to
health services, particularly preventive health care and
chronic disease management [4, 10, 11]. Article 25 of the
CRPD affirms the right of people with disability to enjoy
the highest attainable standard of health without dis-
crimination on the basis of disability [1]. Other articles
of the CRPD address rights in relation to social determi-
nants of health, such as housing, income, education and
employment. With this perspective, it is the role of public
health to tackle disability-related health inequities, with
policies and interventions informed by a robust evidence
base that provides insights into the underlying causes of
the inequities.

Population data sources, including surveys and admin-
istrative data collections, are crucial for generating evi-
dence on disability-related health inequities and their
causes. When using population data sources for this
purpose, a key consideration is how people with dis-
ability are identified in the data. The International Clas-
sification of Functioning, Disability and Health (ICF)
provides a standard framework and set of classifications
for capturing and organising information about function-
ing and disability [12]. In the ICF, disability is an umbrella
term for impairments, activity limitations and partici-
pation restrictions, and denotes the negative aspects
of the dynamic interaction between a person’s health
condition(s) and environmental and personal factors. The
ICF conception of disability is consistent with the CRPD
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recognition that “disability results from the interaction
between persons with impairments and attitudinal and
environmental barriers that hinders their full and effec-
tive participation in society on an equal basis with oth-
ers” (Preamble (e)) [12].

Many countries include questions in population sur-
veys and censuses to identify people with disability, often
designed to operationalise a conceptual definition of dis-
ability aligned with the ICF or CRPD [13-15]. These data
sources are valuable for estimating disability prevalence,
reporting on outcomes, quantifying inequalities between
people with and without disability, and informing policy
decisions about allocation of funding and services. How-
ever, they also have limitations. Surveys and censuses
that capture cross-sectional, point-in-time data, do not
provide insights into the temporal dynamics of disabil-
ity and associated outcomes for individuals. Because
survey data are collected from a sample of the popula-
tion, there is additional uncertainty associated with esti-
mates, some population subgroups may be missing or
under-represented, and often the data are unsuitable for
analyses focusing on rare outcomes or small population
subgroups.

Administrative data collections are also valuable
sources of data for disability statistics. They have a num-
ber of advantages, such as the inclusion of records for all
individuals who have contact with the specific programs
or services they are associated with, they provide infor-
mation about services accessed and related outcomes,
and in many cases they contain longitudinal information
(either specific dates or defined time intervals such as
quarterly or annually). However, in most countries, it is
not possible to identify people with disability in adminis-
trative data collections for mainstream services in sectors
such as health, housing, and justice, because only infor-
mation critical to administering or delivering the service
is collected and disability status is not usually considered
necessary information for most programs or services.
This limits ability to monitor equity of access to health
and other services, and to compare outcomes between
people with and without disability [16]. Additionally,
disability information contained within administrative
datasets is generally collected for a specific purpose, thus
identifying a specific subgroup of people with disability,
such as people accessing disability income support or
using disability services, rather than identifying individu-
als based on a conceptual definition of disability.

Advances in data linkage in many countries offer the
possibility of identifying a population of people with dis-
ability using data items present in one or more adminis-
trative data collections to derive disability indicators. The
term ‘data linkage’ refers to bringing information from
different sources together into a single file and linking
records that relate to the same person or entity [17]. The
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derived disability indicators can be used to conduct anal-
yses disaggregated by disability status for data contained
in diverse data sources, linked together at the individual
level. This provides an opportunity to better understand
the experiences of a large population of people with dis-
ability, addressing issues of statistical power and bringing
together disability data with other data sources describ-
ing outcomes including health and social determinants of
health (e.g., employment, health service use). For exam-
ple, Australia has recently released a National Disability
Data Asset, which will link together de-identified records
for individuals across administrative and survey datasets,
and construct a disability indicator drawing on disability-
relevant information contained in multiple constituent
data sources [18].

This approach of linking existing datasets to derive
disability indicators holds the promise of substantially
increasing the evidence base on a large number of diverse
health outcomes without imposing additional data col-
lection burden. Additionally, constructing disability indi-
cators using disability data from multiple data sources
may identify the target population of people with dis-
ability more comprehensively than would be achieved
using a single administrative data source. However, it is
important to understand the strengths and limitations of
such derived disability indicators. For example, to what
extent does the indicator align with ICF-based defini-
tions of disability used in population surveys? Also, are
there subgroups of the target population of people with
disability that may be less comprehensively captured by
the indicator?

Previously published reviews have addressed the use of
administrative data to estimate prevalence of intellectual
and developmental disabilities [19], and the development
and validation of algorithms to identify reproductive-
aged women with physical and sensory disabilities in
administrative health data [20]. To date, no reviews have
been conducted that examine approaches for using
linked administrative data to construct disability indica-
tors and describe their strengths and limitations. This is
an important gap, particularly given the potential value of
analysing linked administrative data to investigate health
and other outcomes for people with disability, which will
assist countries in meeting their obligations under the
CRPD.

In this scoping review, we investigate methods for con-
structing disability indicators from linked administrative
data sources, including both ‘specific’ indicators focused
on a particular disability group (e.g. intellectual disabil-
ity (ID)) and ‘broad’ indicators that include people with
diverse disabilities. We focus on the approaches research-
ers use to assess the validity of the derived disability indi-
cators and to understand strengths and limitations that
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could impact the use of such disability indicators to mea-
sure outcomes for people with disability.

Methods

We used scoping review methodology because our
objective was to scope the body of literature describing
methods used to construct specific disability or broad
disability indicators in linked administrative datasets.
Scoping reviews are an appropriate approach when the
purpose is to examine how research is conducted on
a certain topic, rather than to appraise and synthesise
research findings on a particular question [21]. As scop-
ing reviews provide an overview of evidence on a given
topic, included studies are generally not assessed for
methodological quality or risk of bias [22].

We systematically identified studies and extracted rel-
evant information, following the five-step process set out
by Arksey and O’Malley [23] and refined by Levac et al.
[24]: identifying the research question/s, identifying rel-
evant studies, study selection, data extraction, and collat-
ing, summarising and reporting results.

Identifying the research questions
We set out to address two research questions:

1. What are the characteristics of published methods
for constructing specific and broad disability
indicators in linked administrative datasets, in terms
of disability cohort identified, data sources and data
items used, and algorithms applied?

2. What approaches have authors used to validate
methods used for constructing disability indicators
in linked administrative datasets?

Identifying relevant studies

Articles were identified through searches of Medline
(Ovid) and Embase (Ovid). The search strategy was
developed by the authors with advice from an academic
librarian, combining search terms for disability and dis-
ability groups together with search terms for administra-
tive or linked data. The search terms are detailed in the
Supplementary Table 1.

A first search identified articles published from January
2010 to August 2021. A second search identified articles
published from August 2021 to June 2023. The searches
were limited to articles written in English. The Embase
search was further limited to full text or in press articles
to exclude conference abstracts.

Study selection

We adopted the schema set out in the JBI Manual for
Evidence Synthesis to define inclusion criteria [22], as
follows:
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Population People with disability. We are conceptual-
ising disability as a population of interest rather than
an outcome, recognising that health disparities for this
population are often not caused by underlying disability,
and instead relate to avoidable disadvantage and inequity
associated with social determinants of health [5, 9]. We
included studies focused on a disability cohort encom-
passing diverse disabilities or specific disability groups
(e.g., ID). We excluded studies in which the cohort was not
defined by disability but instead used other criteria based
on research questions where disability was an outcome or
a covariate because our scoping review was focussed on
studies that deliberately identified people with disability in
the initial cohort. Studies in which the cohort was defined
in terms of specific health conditions (e.g., spina bifida,
epilepsy) were excluded. We included studies focusing on
‘autism spectrum disorder’; while autism is a diagnosis, it
is also regarded as a disability group in many countries.

Concept Construction of a specific or broad disability
indicator using disability information from two or more
linked administrative data sources. We defined adminis-
trative data as jurisdiction-wide data collections produced
routinely in the course of delivering services or programs.

Context Studies using data at national or state/province/
region level, where the disability cohort was identified
for use in statistical analysis (e.g., to estimate prevalence
of disability or to examine outcomes for people with
disability).

Types of evidence sources Original peer-reviewed studies.
We excluded conference abstracts, study protocols, let-
ters, reviews, editorials, and book chapters reporting on
previously published studies.

Selection of articles

The first and second searches combined identified 2,175
articles (Fig. 1). After the removal of 599 duplicates,
1,576 articles were retained for screening. The data man-
agement software Covidence was used to assist the arti-
cle selection process. Title and abstract screening were
conducted independently by ZA and NF for all articles,
applying the inclusion criteria above. All disagreements
were discussed until consensus was reached.

Full-text review was conducted independently by
both ZA and NF for all of the 156 articles retained fol-
lowing title and abstract screening, with disagreements
discussed between ZA and NF to reach consensus and
ensure a consistent approach. The most common reason
for exclusion at the full-text review stage was use of a sin-
gle data source to identify the disability cohort (67% of
excluded studies).
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Reference lists of articles retained following full-text
review were searched to identify additional eligible stud-
ies. Title and abstract screening and full-text review for
these articles were conducted in the same way as for arti-
cles identified in the initial searches.

Upon review of the full set of included articles in prepa-
ration for data extraction, the authors decided to conduct
a second round of article exclusion to focus only on arti-
cles describing novel methods for constructing disability
indicators in linked administrative datasets. Several of
the included studies used established methods described
in previously published articles. In these cases, only the
first published article was retained, to avoid duplication
of information. Subsequently-published articles were
included if they described a substantial modification to
a method previously described (e.g., adding a new data
source) or reported new findings concerning the method
or validation testing. This process resulted in 36 articles
being deemed eligible for inclusion.

Data extraction

Following discussion among ZA and NF, the key informa-
tion for extraction was determined, which included: data
on country and year of publication; purpose of the study;
disability cohort identified; number and type of admin-
istrative data sources used for constructing the disability
identifier; methods used to construct disability identifier
(including data items utilised and algorithms applied);
nature of validation (if conducted); key findings concern-
ing method for identifying disability cohort (including
results of validation, if conducted). For the first 5 articles,
extraction was conducted independently by ZA and NF
using an Excel spreadsheet template. The results were
compared and discussed to ensure consistency and rele-
vance to the research questions. Data from the remaining
31 articles were then extracted by NF.

Collating, summarising and reporting the results

The extracted data were used to produce a descriptive
summary of each article. For each of the information
fields listed above, we reviewed the data recorded and
devised a simple set of categories to facilitate a summary
overview of results, as reported in the following section.
For the last three information fields (methods used to
construct disability identifier; nature of validation; key
findings concerning method for identifying disability
cohort), we undertook a narrative synthesis, identifying
key themes and similarities and contrasts between the
included studies, which we refined through discussion.

Results

In this section, we first describe the characteristics of all
included articles. Then, for studies whose primary aim
was to construct a cohort of people with disability, we
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Fig. 1 Literature search and screening flow chart

describe findings relevant to the methods used to con-
struct the disability indicator (research question 1) and
outline the approaches used by authors to validate the
disability indicators (research question 2).

Characteristics of included studies

The characteristics of the 36 included studies [25-60] are
summarised in Table 1. Of the 36 included studies, 10
used data from Europe (Denmark [37, 40], England [54],
Finland [56, 60], Italy [42], Netherlands [46], Sweden [30,
48], Wales [26]), 17 from Northern America (Canada [27,
32, 35, 36, 38, 41, 45, 47, 49, 51-53, 57], United States of
America [28, 29, 34, 39]) and 9 from the Pacific region
(Australia [25, 31, 33, 50, 55, 58, 59], Fiji [44], New Zea-
land [43]).

Thirty of the 36 studies identified disability cohorts that
could be defined as ‘intellectual and developmental dis-
abilities, comprising fifteen studies focusing on people
with ID [25, 29, 30, 34, 37, 39, 40, 46, 50, 54, 56—60], six
on autism [31, 43, 45, 47, 48, 55], three on developmental
disability (DD) [32, 35, 36], five including people with ID
and either DD or autism [26, 27, 51-53], and one focused
on DD and autism [41]. Of the remaining studies, two
focused on dementia [42, 49], one focused on visual
impairment [44], and three included diverse disability
types [28, 33, 38].

Of the 36 studies, 10 included children only (below 18
years) [26, 29, 34, 39, 44, 45, 47, 50, 54, 55], 9 included
adults only (18 +years) [28, 32, 36, 42, 46, 49, 51, 52], 10
included children and adults [30, 31, 37, 38, 40, 56—60],
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Study Country Age Disability cohort!
Bacigalupo et al. 2022 Italy 50+years Dementia

Bowden et al. 2020 New Zealand 0-24 years Autism

Brameld et al. 2018 Australia 20+years D

Brophy et al. 2018 Wales <18 years ID, Autism

Calver et al. 2021 Canada 0-19 years D, DD

Camaetal. 2010 Fiji 0-15 years Visual impairment, low vision, blindness
Coo et al. 2017 Canada 2-14 years Autism

Cuypers et al. 2021 Netherlands 18+years D

Deroche et al. 2017 USA 50-75 years Blind/low vision, ID, spinal cord injury
Dodds et al. 2009 Canada 3-16 years Autism

Griffith et al. 2011 USA 5-11 years D

Hirvikoski et al. 2021 Sweden 22-33 and 0-81 years D

Hwang et al. 2019 Australia 5-64 years Autism (with/without ID)
Idring et al. 2012 Sweden 4-23 years Autism

Kosteniuk et al. 2015 Canada 45 +years Dementia

Leonard et al. 2003 Australia 6-15 years D

Linetal. 2013 Canada 18-64 years ID, DD

Linetal. 2014 Canada 18-64 years D, DD

Lloyd et al. 2022 Canada 0-19 years ID, DD

Lunsky et al. 2012 Canada 18-64 years DD

Maclean et al. 2017 Australia 0-20 years Disability

Madley-Dowd et al. 2022 UK Children D

Mann et al. 2013 USA 3-6 years D

Marquis et al. 2020 Canada 0-19 years DD

Nielsen et al. 2023 Australia 2-15 years Autism

Nurminen et al. 2022 Finland All ages D

Ouellette-Kuntz et al. 2009 Canada All ages D

Reppermund et al. 2017 Australia All ages D

Reppermund et al. 2019 Australia All ages D

Shooshtari et al. 2011 Canada 20+years DD

Suetal. 2021 Denmark 0-36 years D

Tarasoff et al. 2020 Canada Women; 15-44 years Physical, sensory, ID, DD
Wang et al. 2015 USA 3-9 years D

Wang et al. 2023 Denmark 2-40 years D

Weise et al. 2018 Canada 18-24 years DD, Autism

Westerinen et al. 2007 Finland All ages D

1. Disability groups in the cohort (DD =developmental disability; ID =intellectual disability)

one included young people only (18 to 24 years) [41] and
6 included children and young adults [27, 33, 35, 43, 48,
53].

Data sources and data items used to produce the dis-
ability indicators for each study are described in Supple-
mentary Table 2. A range of types of administrative data
sources were linked for cohort identification. Health
data were the most common sources (used in 33 studies,
including general practitioner records, hospital records,
and clinical billing records, e.g., physician health insur-
ance claims), with 10 studies using data only from health
sources [27, 28, 32, 35, 37, 38, 40, 47, 49, 51]. This was
followed by disability data sources (22 studies, including
disability support, disability income support, long-term

care, and community-based rehabilitation sources), and
education data sources (15 studies).

Most studies (34 out of 36) used diagnostic codes
(International Classification of Diseases (ICD), Diagnos-
tic and Statistical Manual of Mental Disorders (DSM),
and general practitioner diagnosis codes) for disability
identification [25-28, 30—-45, 47-60]. Of these, 16 stud-
ies used diagnostic codes alone [26-28, 32, 33, 35, 37,
38, 40, 41, 43, 44, 47, 51, 52, 56], and 18 used diagnostic
codes in conjunction with additional information such as
disability category, or information regarding income and
education support [25, 30, 31, 34, 36, 39, 42, 45, 48-50,
53-55, 57-60]. Only two studies did not use diagnostic
codes for disability identification: one identified disabil-
ity based on whether a child received special education
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within the public school system or ID-related services
[29], the other used reasons for entitlement to chronic
care services and welfare benefits [46].

Seventeen of the included studies had a primary aim
of analysing specific outcomes for a disability cohort
[25-41]. Eleven of those studies explored health-related
outcomes, including health service usage [27, 28, 32, 41],
mortality [25, 30, 31], prescription usage [26], health
characteristics or disease prevalence rates [36, 38, 40].
Four studies examined associations between maternal
pregnancy characteristics and risk of child ID [29, 34, 37,
39], one explored risk of maltreatment within the child
protective system [33], and one explored mental health
outcomes of the parents of children with DD [35]. These
17 studies focused on reporting findings on the outcomes
explored but did not report findings related to methods
used to identify the disability cohort or to validate their
disability indicator, which was a key research question of
the present scoping review.

The primary aim of the other 19 studies was to create
a disability cohort or estimate disability prevalence [42—
60]. Details of the method used to construct disability
indicators, findings relevant to the method for construct-
ing the disability cohort, and the validation approach
for these 19 studies are outlined in Table 2. We focus on
these studies in the following section, where we report
findings concerning methods for identifying the disability
cohort and validation approaches.

Methods used to construct disability indicators

The disability cohorts included in these 19 studies were
autism (5 of 19) [43, 45, 47, 48, 55], visual impairment (1
of 19) [44], dementia (2 of 19) [42, 49], ID (8 of 19) [46,
50, 54, 56—60], and ID with DD (3 of 19) [51-53]. No
studies aimed to identify a target population of people
with diverse disability. The number of administrative
data sources used to derive the disability indicator ranged
from two to eight, with 13 of the 19 studies linking four
or more sources.

Thirteen of the 19 studies used methods that only
required a single instance of identification in any of the
constituent data sources for disability cohort inclusion
[43, 44, 46, 48-50, 53, 55—60]. One study required two or
more of eight specified criteria be met across constituent
data sources [54]. Another study required two or more
prescriptions of drugs for dementia within 12 months
within the prescription drug data source, or at least one
instance of identification in the three other data sources
[42]. Another study required at least two ID-related phy-
sician claims, or at least one instance of identification in
any of the four other data sources [52].

The remaining three studies created and tested the
efficacy of multiple algorithms for disability cohort iden-
tification [45, 47, 51]. The basis for selecting preferred
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algorithms varied in these three studies. One tested five
algorithms to identify autistic children and youth, with
two of those algorithms requiring two or more instances
of identification in medical services data [45]. They rec-
ommended algorithms that utilised physician claims and
education data only, as few additional cohort members
were identified in hospital and mental health services
data [45]. Another compared seven algorithms for iden-
tifying autism diagnoses within hospital, physician billing
and mental health data sources, with different combina-
tions of requirements, including single or multiple codes
from one or more of three administrative data sources
[47]. They found that the algorithm with the best test
characteristics identified the cohort based on at least one
autism related code in any one of the three constituent
sources [47]. This algorithm yielded an overall sensitiv-
ity of 69% and a specificity of 77%, with specificity being
highest within the hospital data source and sensitivity
highest within the physician billing data source [47]. The
final study compared broad, intermediate and narrow
algorithms to identify a cohort of people with intellec-
tual and developmental disabilities [51]. The intermediate
algorithm, which required a single contact with either an
inpatient or emergency department or a minimum of two
physician visits, was preferred as the resulting prevalence
was closest to that reported in two comparison target
populations (0.50%), suggesting that the broad algorithm
captured higher rates of false positives, and the narrow
algorithm higher rates of false negatives [51].

The period of time over which cohort members were
identified in the constituent data sources varied from
one year to 23 years. In three of the 19 studies, the time
period varied between data sources [48, 59, 60]. In three
studies it was not possible to determine the data period
from the information provided in the paper.

Fourteen of the 19 studies reported the percentage
of the cohort identified in each data source [42-44, 46,
49-53, 55, 57-60]. Ten studies reported the percentage
of the identified cohort uniquely identified in each data
source [42, 49-53, 55, 57, 59, 60], that is, the percentage
that would be missed if the data source were excluded.
A number of those studies identified a high propor-
tion of individuals uniquely identified in each of their
data sources, indicating that the inclusion of additional
sources contributed significantly to cohort identification.
For example, a study that linked data from a government
disability agency with education data found that approxi-
mately half of the people identified with ID in each data
source were unique to that source [50]. Another study,
which linked health, education and income assistance
data sources to identify a cohort of people with ID,
reported high proportions (ranging from 19 to 36%) of
uniquely identified cohort members across the sources
[57], and found that the hospital data source was the
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most useful for identifying children with ID aged 0-4
years and the education data source was the most use-
ful for identifying people with ID aged 5-19 years. Ten of
the 19 studies described sociodemographic or disability
characteristics of the individuals identified by data source
(43,47, 50, 51, 53-55, 57, 59, 60].

Validation approach

We use the term ‘validation’ to mean any testing or com-
parison of the cohort identified by the indicator against
a reference cohort or previously published prevalence
estimates, to provide insight into the extent to which the
derived disability indicator captures the intended target
population. Three studies used validation approaches
that compared the identified cohort with a target popu-
lation from an external linked data source [42, 45, 47].
One study tested the sensitivity of multiple algorithms
to identify autism in a cohort of children by comparing
identified cases with those reported by service provid-
ers [45]. The validation demonstrated that false negatives
(autistic children identified by service providers but not
identified by the derived disability indicator) were more
likely to be born outside the province, be diagnosed at an
older age, and not have ID or DD. Another study tested
their dementia indicator against a reference population of
individuals with cognitive impairment identified in a clin-
ical setting and found that false negatives were associated
with younger age, lower education, milder impairment,
shorter disease duration and lower use of medication
[42]. The third used data from a clinical autism data-
base as a reference population to assess the accuracy of
each of their algorithms [47]. They investigated neonatal
and maternal characteristics and found similar sensitiv-
ity across most factors, which included sex, major con-
genital anomaly, county of residence, maternal age, birth
weight and birth order.

Two of the nineteen studies used other validation
approaches [48, 54]. One study conducted clinical case-
note review for a small portion (3.4%) of the sample of
autistic youth along with cross-validation of co-existing
cases (0.5% of cases) in a national twin study [48]. In the
study that used an eight-item indicator, two of the eight
criteria for ID identification were an IQ score of less than
70 at age 8 years and an IQ score of less than 70 at age
15 years [54]. To assess the validity of their indicator, the
authors compared mean IQ scores at ages 8 and 15 years
for those with ID indicated by each source of informa-
tion, and also compared mean IQ scores for the cohort
identified as having ID by the indicator with those not
identified by the indicator [54].

Thirteen studies compared estimated prevalence based
on the identified cohort to previously published preva-
lence estimates and trends [42-44, 46, 48-52, 55, 57, 59,
60]. Nine of these studies discussed reasons that their
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prevalence estimates may have differed from previously
published estimates [42, 43, 48, 49, 51, 52, 55, 57, 60].
For example, one study suggested that variation between
their estimated prevalence of dementia and that reported
in a previous study may have resulted from their use of
a comparatively lower age cut-off, shorter observation
period, and use of a greater number of administrative
databases for dementia cohort identification [49].

In addition to comparison with previously published
estimates, one study examined the cohort demographic
profile of autistic individuals, making comparison with
previously published patterns across gender, ethnic-
ity, socioeconomic status, urbanicity, and rates of co-
occurring conditions [43]. The estimated prevalence of
autism in this study was lower than previously reported
estimates. The authors suggested this may be due to a
large portion of the cohort being identified in disability
support data, as the cohort identified through this source
may be those with more severe and complex needs. Their
demographic comparisons, however, demonstrated con-
sistency between their estimated relative rates of autism
across gender, ethnicity and urbanicity with those pre-
viously published. They also found that their estimated
rates of co-occurring conditions were similar to those
previously reported, with the exception of anxiety, which
was underestimated in this study, which the authors sug-
gested may have been due to variation in clinician-based
diagnostic definitions [43].

Three of the 19 studies did not report any type of vali-
dation [53, 56, 58].

Discussion

In this review, we set out to scope the literature describ-
ing methods for constructing disability indicators from
linked administrative data sources, with a focus on
approaches used to assess the validity of the indicators
and to understand their strengths and limitations. Valida-
tion, to determine the extent to which a derived disabil-
ity indicator captures its intended target population, is
important to inform appropriate use of the indicator for
specific purposes and caveats that may need to be applied
when reporting findings.

Characteristics of published methods for constructing
disability indicators

An indicator constructed using linked administrative
data can only identify individuals who have had contact
with the services or programs to which the data relate
[52]. As such, the selection of data sources will influence
how comprehensively the indicator identifies the target
population and which subgroups are more or less com-
prehensively represented. Indeed, Lin et al. [52] discuss
two important considerations when using linked data:
“First, is an understanding of the various real-world
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pathways by which individuals [...] do (or do not) enter
into, travel through, and exit services and supports.
Second, is an understanding of how these pathways are
reflected (or missed) in different administrative data”.

In this scoping review, health data sources were used
in over 90% of the studies, with 28% of studies using
only health data for indicator construction. Studies that
reported on demographic profiles of the cohort mem-
bers identified in each data source demonstrated that
different subgroups of the target population were cap-
tured from different sources. For example, Lin et al. [52]
reported that people with intellectual or developmental
disability identified by health data sources compared to
disability income support data sources differed in terms
of age, neighbourhood affluence, psychiatric comorbid-
ity, receipt of income support, and use of health services.
Furthermore, the utility of different data sources is likely
to differ depending on the target population, including
according to disability group and the target age range.
Though most studies in our review relied on health data
sources, in their analysis of autistic individuals, Nielsen
et al. [55] reported that 71% of the cohort was uniquely
identified in disability services data, with only 8% in
hospital data and 3% in ambulatory mental health data.
Ouellette-Kuntz et al. [57] found important differences
by age group, with hospital records most useful for iden-
tifying children with intellectual disability aged 0 to 4
years and education data most useful for children aged 5
to 19 years.

These findings suggest that an indicator drawing upon
data sources from different sectors is likely to more
comprehensively capture the target population. Brown
et al. [20] drew a similar conclusion from their system-
atic review of methods for identifying reproductive-
aged women with physical and sensory disabilities in
administrative health data, suggesting that sources that
include functional assessments (e.g., for income support
programs or other services) together with administra-
tive health data may provide a more complete picture of
disability status than approaches using only health data.
However, it is likely that the contributions of different
data sources will vary depending on the target population
of interest and the patterns of contact individuals have
with different services and programs in a given jurisdic-
tion. Therefore, it will generally be valuable to examine
the characteristics of cohort members identified in dif-
ferent data sources in order to optimise the indicator
construction method and gain insights into strengths
and limitations that should be considered when using the
indicator.

How the definition of the disability target popula-
tion is operationalised in a derived disability indicator
depends on the data items used to construct the indica-
tor, and is therefore constrained by data items available
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in the included sources [61]. As stated by Leonard et al.
[50], this is “an unavoidable weakness of studies using
record linkage” Of the included studies, 94% used diag-
nosis codes for disability identification, with 44% using
only diagnosis codes. The implications of this heavy reli-
ance on medical diagnoses to identify people with dis-
ability deserve consideration. Conceptual definitions of
disability that are aligned with the ICF and the CRPD
understand disability in terms of functioning limita-
tions associated with the interaction between a person’s
health condition/s and contextual factors, including envi-
ronmental barriers. Though medical diagnoses do not
directly provide information about an individual’s expe-
rience of activity limitations or participation restrictions
[20, 62], functioning limitations may be inherent in, or
usually associated with, some conditions. For example,
diagnostic criteria for autism include reference to limita-
tions in social interaction and communication [63, 64].
However, for many diagnoses, the presence of associated
functioning limitations will vary between individuals,
influenced by a range of health, personal and environ-
mental factors. The limitations of using diagnosis codes
for identifying individuals with disability as conceptu-
alised by the ICF are discussed by lezzoni [62], in terms
of their “questionable accuracy, completeness, clinical
scope, and meaningfulness” As such, in order to evaluate
the alignment between a derived disability indicator and
the target population of interest, studies need to clearly
specify the conceptual framework they are adopting and
discuss how closely their derived disability indicator
aligns with their conceptual approach to disability in light
of the disability data items used to construct the derived
indicator.

Data items related to eligibility for disability-specific
services or payments were used to construct disability
indicators in several studies (e.g [29, 34, 39, 57]). Com-
pared with diagnosis data, such data items may more reli-
ably identify individuals with functioning limitations if
eligibility criteria require such limitations or associated
support needs to be demonstrated. However, changes in
eligibility criteria over time, or variation in how criteria
are applied in practice, may impact the cohort identi-
fied. This issue was discussed by Bowden et al. [43] who
reported differing rates of co-occurring intellectual dis-
ability among members of the autism spectrum cohort
identified through disability support services data before
and after changes to eligibility criteria were made.

It is notable that none of the disability indicators in
the included studies incorporated ‘disability status’ data
items not linked to eligibility for disability supports, such
as the ICF-aligned Standardised Disability Flag devel-
oped in Australia for use in administrative data collec-
tions as a basis for providing consistent and comparable
information about people with disability who access
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mainstream services [65]. The introduction of such data
items into mainstream data that capture a large portion
of the population (e.g., primary health care data) could
greatly assist in the construction of comprehensive dis-
ability indicators in linked administrative data.

Administrative data are collected for a purpose. Diag-
nostic codes remain integral to health care systems and
so are readily available within health data sources. The
inclusion of ICF-aligned data items, such as items relat-
ing to activity limitations or participation restrictions,
in administrative data sources could provide valuable
information to meet the primary administrative needs
of services and programs. For example, for disability
support programs, data on functioning limitations and
associated support needs structured using the activ-
ity and participation domains of the ICF could provide
insights into the functioning profile of service users and
the level of demand for different types of supports [66].
For mainstream services, in sectors such as health and
housing, ICF-aligned disability data items could be used
to flag service users who may require need for assistance
or accommodations to ensure equitable access to services
[67]. Valuable secondary use could then be made of such
data items in linked administrative data sets to construct
disability indicators for a variety of analytical purposes.

The time periods during which cohort members were
identified in data sources ranged from one year to 23
years. In some studies (e.g [43]), there was discussion of
how the time period covered by the data could affect the
ability of the indicator to comprehensively identify indi-
viduals in the target population. However, in all studies,
there was an implicit assumption that once a person is
identified as having disability within administrative data
at a given point in time, they can be regarded as having
disability at all future points in time. This may be a rea-
sonable assumption if the indicator aims to identify a
cohort of people for whom disability is normally life long,
for example ID or autism. However, this may not be the
case for indicators that aim to capture broad disability
cohorts. For many people, the experience of disability is
dynamic. Longitudinal studies have demonstrated that
individuals’ disability status can change over time such
that people move into and out of the disability popula-
tion [68-70]. Therefore, methods for identifying a broad
cohort of people with diverse disabilities should consider
the data time period used in relation to evidence about
how disability status may change over time for cohort
members.

Thirty of the 36 included studies constructed disabil-
ity indicators to identify people with intellectual and/or
developmental disability (including autism). Few studies
aimed to identify a broad population of people with dis-
ability, with indicators encompassing diverse disability
types used in only three of the studies. Thus, our findings
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point to a paucity of evidence on methods to construct
broad disability indicators that aim to identify people
with diverse disabilities. Constructing an indicator to
capture a broad disability population is likely to pose
greater challenges than indicators for specific types of
disability, such as ID and autism, because of the greater
diversity in terms of patterns of contact with services and
limited data items available that can reliably be used to
identify members of the target population.

Validation of disability indicators

Of those studies with a primary aim of creating a disabil-
ity cohort or estimating disability prevalence (Table 2)
[42-60], many evaluated the derived disability indicators
by comparing prevalence rates estimated using their indi-
cator with previously published estimates. In some cases,
the authors discussed possible reasons for differences
between their prevalence estimates and those previously
published, and sometimes more detailed comparisons
were made, for instance comparing age and gender pro-
files. However, only three studies conducted validation
testing that compared the identified cohort with a target
population to explore the extent to which the methods
used were successful in identifying the target population,
which is a critical step in understanding the limitations of
disability indicators derived from administrative data. In
discussing the value of using administrative data to study
people with disability, lezzoni [62] cautions that findings
must be interpreted with an understanding of the limi-
tations of the methods and data sources used to identify
study populations.

Validation techniques may include exploration of the
indicator’s ability to correctly identify individuals with
disability (sensitivity) and individuals without disabil-
ity (specificity) in comparison to a reference cohort,
examination of false positives and false negatives, and
comparison of the sociodemographic and disability char-
acteristics of the identified cohort with known character-
istics of the target population. Some studies, for example
Lin et al. [51], acknowledged the lack of external valida-
tion of their indicator as a key limitation, however most
studies did not address this limitation.

Often, the ability to conduct validation testing will be
limited by the lack of suitable reference data about the
target population. Reference data might include sources
such as population survey, census or registry data con-
sidered to comprehensively identify the target popula-
tion. However, clear definition of the target population
is an essential prerequisite for validation of an indicator.
Some of the included studies, for example Calver et al.
[27], referred to definitions of disability in legislation, or
in policy and program documentation. However, many
studies did not clearly define their target population, or
discuss the extent to which the operational definition
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manifested in their disability indicator aligned with this.
Correspondingly, none of the studies considered in any
depth the potential implications of the limitations of the
disability indicators in terms of their use in analyses to
inform policy, program development or resource alloca-
tion decisions.

Limitations

We may not have identified all relevant studies. In par-
ticular, as our database search spanned the period
2010 to 2023, studies published prior to 2010 that were
not picked up through searching the reference lists of
included articles may have been missed.

Half of the included studies focused on reporting find-
ings on the outcomes explored, with little information
on the methods used to construct disability indicators.
This limited our ability to investigate and discuss findings
related to methods used to construct and validate derived
disability indicators across all of the included studies.

Conclusions

A key finding from this scoping review is the paucity of
evidence on methods to construct broad disability indi-
cators in linked administrative data that aim to identify
people with diverse disabilities, despite the urgent need
to generate robust evidence to tackle disability-related
health inequities. A substantial number of studies
reported methods for constructing indicators to identify
specific types of disability, particularly intellectual and/or
developmental disability, though often these studies did
not report detailed findings concerning the contributions
of different data sources to the cohort identified or test
the validity of the derived indicators. There is a high level
of reliance on diagnostic information for constructing
disability indicators, which likely reflects a lack of other
types of disability-relevant information, particularly
information about activity limitations and participation
restrictions, in the source data. Including disability iden-
tifiers aligned with the ICF conceptualisation of disabil-
ity in a wider range of administrative data sources, such
as education and primary care data, would enable more
comprehensive identification of the population with
disability.

Few studies conducted validation of their disability
cohort construction. This is a crucial step which should
be implemented when developing algorithms to identify
people with disability. At a minimum, comparison should
be made against existing prevalence estimates. However,
we recommend that, where possible, an additional step
should be taken to link records in the constructed cohort
to a data source containing high-quality disability infor-
mation, such as from a population survey. This enables
quantitative comparative analysis to gain understand-
ing of how well the target population is represented, and
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importantly to identify which subpopulations may be
excluded or underrepresented in the disability cohort.

Linked data approaches hold great potential to exam-
ine health and other outcomes for people with disabil-
ity, to investigate contact with services, and to study the
prevalence and characteristics of particular cohorts of
people with disability, overcoming limitations of popula-
tion surveys and (unlinked) administrative data collec-
tions. Using linked administrative data can enable more
sophisticated causal analyses to generate policy-relevant
insights concerning the drivers of inequities in health
and the social determinants of health for people with dis-
ability. Importantly, linked data approaches could assist
countries in meeting their obligations under the CRPD
to monitor and report on progress towards achieving
the rights of people with disability, provided that reliable
disability indicators can be derived. To fully realise this
potential, it is crucial to conduct validation testing, to
understand the extent to which derived disability indica-
tors capture the target population, determine limitations
of the indicators, and identify caveats that should apply
to their use for specific analytic purposes.
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