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Abstract

Background: Fallsin older people commonly occur at home. Home assessment and modification (HAM) interventions can be
effective in reducing falls; however, there are some concerns over the validity of evaluation findings. Routinely collected data
could improve the quality of HAM evaluations and strengthen their evidence base.

Objective: The aim of this study isto conduct a systematic review of the evidence of the use of routinely collected datain the
evaluations of HAM interventions.

Methods: We searched the following databases from inception until January 31, 2020: PubMed, Ovid, CINAHL, OpenGrey,
CENTRAL, LILACS, and Web of Knowledge. Eligible studies were those evaluating HAMs designed to reduce falls involving
participants aged 60 years or more. We included study protocols and full reports. Bias was assessed using the Risk Of Bias In
Non-Randomized Studies of Interventions (ROBINS-I) tool.

Results: A total of 7 eligible studies were identified in 8 papers. Government organizations provided the majority of data across
studies, with health care providers and third-sector organizations a so providing data. Studies used arange of demographic, clinical
and health, and administrative data. The purpose of using routinely collected data spanned recruiting and creating a sample,
stratification, generating independent variables or covariates, and measuring key study-related outcomes. Nonhome-based
modification interventions (eg, in nursing homes) using routinely collected datawere not included in this study. We included two
protocols, which meant that the results of those studies were not available. MeSH headings were excluded from the PubMed
search because of a reduction in specificity. This means that some studies that met the inclusion criteria may not have been
identified.

Conclusions: Routine data can be used successfully in many aspects of HAM evaluations and can reduce biases and improve
other important design considerations. However, the use of these data in these studies is currently not widespread. There are a
number of governance barriers to be overcome to allow these types of linkage and to ensure that the use of routinely collected
datain evaluations of HAM interventionsis exploited to its full potential.
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Introduction

Background

Fallsin older people are a major public health concern. In the
United Kingdom, approximately 1 in 3 adults aged 65 years or
more experience at least one fall a year, which can lead to
serious injury, even death. Falls are the most common cause of
deathin thisage group [1]. This situation is similar worldwide,
where around 28%-35% of people in this age group fall every
year; thisincreases to 32%-42% in those aged 70 years or more
[2]. The effects of falls on aperson can be devastating, not only
physically but can result in afear of faling in the future and a
loss of confidence and independence and can have asignificant
impact on family, friends, and caregivers[3,4]. Annual National
Health Service (NHS) expenditure oninjuriousfallsisin excess
of UK £2 billion (US$2.5 hillion) [5]; in the United States, this
figureamounted to US $50 billion in 2015 [6]. Health care costs
per fal for older peoplein Finland and Australiaare US $3611
and US $1049, respectively [2]. Furthermore, the costs of
hospital, community, and social care continue to significantly
accrue 12 months after afall [1]. One of the main risk factors
for falsisincreasing age; the incidence of falls beginsto rise
beyond the age of 65 years[7]. Given that there is an additional
8.2 million people aged 65 years and more projected for the
United Kingdom in 2050 [ 8], preventative measuresfor fallsin
this age group will be key to reducing costs [5].

International evidence suggests that falls in older people
commonly occur at home (around 35% of people more than 65
years of age) [2,7,8], and these are associated with higher
morbidity, earlier mortality, and health inequalities [5-9].
Hazards in the home are associated with injury, and by using
risk assessments, home assessment and modification (HAM)
interventions identify potential environmental hazards present
in the home [10]. Measures are then agreed to reduce these,
such as the removal of bath mats or inclusion of handrails on
stairs[4]. A Cochrane review by Gillespie et al [11] found that
HAM interventions were effective in reducing both the rate of
fals and the risk of faling in older people. After gathering
evidence on effectiveness, the Nationa Institute for Health and
Care Excellence [5] have recommended that all older people
living in the community at an increased risk of falls should be
considered for these interventions.

Issues surrounding the evaluation of these HAM interventions
could call into question the validity of their findings. Past
criticism of these trials has been over a lack of an adequate
control group and rigorous design, that they are underpowered,
and that follow-up times have been found to belacking [12,13].
Most HAM trialsincluded in the review by Gillespie et al [11]
had follow-up times of 1 year or less; therefore, it is unclear
whether the effects of these interventions could be sustained
beyond this [11-13]. Trials often exclude participants with
comorbid conditions, particularly cognitiveimpairment [14,15];
however, cognitive impairment isarisk factor for fallsin older
people [16]. This can threaten the generalizability of atrial’s
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findings. The research burden of extensive study assessments
isaparticular concern for this participant group and can cause
study attrition [17]. Conversely, minimizing the amount of data
collection to reduce this burden could limit the usefulness of a
trial. Furthermore, different variables are needed to stratify
participant groups and to control for confounders (eg, past falls,
polypharmacy, and socioeconomic status) to determine for
whom the intervention works best and why [18,19]. Finally,
recall bias could cause errors in self-report data and skew
evaluation results [20].

It has been suggested that the use of routinely collected datain
aging-related research has the potential to improve research
quality and efficiency. These large-scale data sources allow for
larger sample sizesand, therefore, the possibility for stratifying
the sample with respect to key covariates and allow for longer
follow-up times and reduced study attrition, especially given
the age profile of the target population. In addition, these data
help build an understanding of fal patterns and of individual
treatment pathways [21]. Data collected routinely from health
and social care interactions are increasingly being used in
research; electronic health records (EHRs) are aprime example
of this. Such data can be highly useful in health research; its
nonuse may even cause harm [22]. The use of routine datain
HAM intervention eval uations may be particularly useful, asit
could help address the many challenges identified above
regarding participant characteristics and trial conduct. To date,
we conducted a systematic review to investigate the use of
routinely collected datain HAM intervention evaluations.

Objectives

Our objective is to conduct a systematic review to identify
research studies using routinely collected administrative and
EHR data to evaluate HAM interventions whose primary
purpose is to reduce fals in older people. Given the
aforementioned problems with prospectively collected data,
namely, (1) lack of adequate control group, (2) short follow-up
times, (3) lack of diversity in participants leading to a lack of
generalizability of results, (4) research burden on participants
because of extensive data collection, (5) study attrition
(especially because of point 4), (6) lack of rich data (especially
at baseline that would allow stratification of participant groups),
and (7) recall bias, our rationale for undertaking this study was
to understand the extent of routine data use in this field as an
aternative. We aim to summarize the types of routinely
collected data and their sources and to identify the questions
that these data can answer. We also investigated the different
methods and approaches of using these data. Finally, we sought
to highlight the benefits and limitations of using these data,
compared with other data types, in the evaluation of HAM
interventions.
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Methods

Search Strategy

Review methods followed the University of York Centre for
Reviews and Dissemination [23] guidance, and reporting
followedthe PRISMA (Preferred Reporting Itemsfor Systematic
Reviews and Meta-analyses) [24] guidelines where relevant
(PRISMA checklist, Multimedia Appendix 1 [24]. To identify
relevant studies, we searched the following databases from

Figure 1. Search strategy for PubMed.
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inception until January 31, 2020: PubMed, Ovid, CINAHL,
OpenGrey, CENTRAL, LILACS, and Web of Knowledge. We
used the keywords devel oped for a previous study designed to
capture al types of routine data [25] and keywordsto represent
falls, older people, and the home. Figure 1 shows the search
strategy used for PubMed, which was adapted for use with each
database. Limits were abstract only. In addition, we searched
thereference lists of potentially relevant papers and systematic
reviews.

1. “Administration record*” OR Anonymised OR Anonymized OR Anonymization OR Anonymisation OR “Big data” OR
“Clinical data” OR “Clinical record*” OR “Data linkage” OR “Data mining” OR “Data science” OR “E-health” OR EHR
OR “Electronic data” OR “Health record” OR Encrypt* OR Informatics OR “Linked data” OR “Publically available”
OR “Publicly available” OR “Routine data” OR “Routinely collected” OR “Safe haven” OR “Medical record*” OR
“Prison record*” OR “Housing record*” OR “Education record*” OR “Patient record*” OR Register* OR Registries

OR Insurance)

2. (Fall OR Falls OR Falling OR Faller OR Fallers OR Slip OR Trip)

3. “Age 60+ OR “Aged 60+” OR “Ageing population” OR Elderly OR Elders OR Frail OR Frailty OR Geriatric* OR
Gerontolog* OR “Old adult*” OR “Older adult*” OR “Old individual*” OR “Older individual*” OR “Old person” OR
“Older person” OR “Old people” OR “Older people” OR Pensioner OR Retire OR Retired OR “Senior adult*” OR
“Senior individual*” OR “Senior people” OR “Senior person” OR Seniors)

4. 4. {Home OR House OR Housing)
5. #1AND #2 and #3 and #4

Inclusion and Exclusion Criteria

We included primary research reporting HAM intervention
evaluations that used routinely collected data, defined as data
collected as a matter of course and not specifically for research
[26]. We defined HAM as an assessment by a professional to
identify environmental hazards and their removal or reduction
by modifications to the home. The aim of these interventions
must have been to reduce falls among older people living at
home in the community. Studies including participants aged
less than 60 years were excluded to ensure that these
interventionswere specifically targeted to the older population.
Any control group was €eligible because the effects of the
intervention were not reviewed here. Potentially eligible studies
included clinical effectiveness, cost-effectiveness, or process
evaluations and could be of any study design. We included
original research and study protocols (if adescription of thefull
study was not yet published) from peer-reviewed journals,
conference proceedings, clinical guidelines, and policy
documents. Papers not written in the English language were
included if an English translation of the abstract was available.

Screening and Data Extraction

One reviewer screened the titles and abstracts of the papers
identified by the search using the aforementioned criteria
Full-text papers were retrieved if deemed potentially eligible
and assessed by two independent reviewers. A third reviewer
was able to resolve any disagreements. We used a piloted and
standardized data extraction form and contacted the study
authors for additional information where needed.

Risk of Bias

We assessed the risk of hias using the Risk Of Bias In
Non-Randomized Studies of Interventions (ROBINS-I) tool
[27]. The Cochrane Methods Bias Group [ 28] recommendsthis
tool for use in systematic reviews that include nonrandomized
controlled studies, and this tool allowed us to assess bias
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consistently across al our included studies, regardless of their
study design. The tool covers seven domains that correspond
totherisk of biasthat can arisefrom different aspects of astudy.
For each domain, there are anumber of questionsto answer that
will indicate whether this risk is low, moderate, serious, or
critical or that there is not enough information to make a
judgment. From these, following thetool’s guidance, an overall
judgment about the risk of bias can then be reached. We
identified studies' main sources of biasin these domains, while
focusing on the number or rate of falls as the main outcome of
interest. We also looked for any other potential sources of bias
or study design issues, paying particular attention to biasarising
from the types of data used.

Data Synthesis and Organization

Given the heterogeneity between studies interventions,
participants, and other factors, a meta-analysis was not
appropriate. Instead, we summarized thefindings using narrative
synthesis organized into 3 broad areas:

1. Thesource of routine data, aligned with the 3 main sources
of routinely collected data used in health research (health
care providers, government agencies, and nongovernmental
and third-sector organizations)

2. The type of routine data, including demographic data
relating to the characteristics of a person and where they
live, clinical and hedth data generated by a clinical
encounter or relating to a person’s health or health care,
and administrative data gathered during the running of
organizations (eg, registering people, for record-keeping,
or when delivering a service)

3. The purpose of routine data, with 4 main categories:
recruitment of participants and creation of study sample;
stratification of the sample, atechnique used to ensure that
there is equal representation of a particular characteristic
(eg, sex) or to enable subgroup analyses; generation of
predictor variables and other covariates to measure effect
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on evaluation outcomes, and generation of outcome
measures used to evaluate the effectiveness of the HAM
interventions [29].

Results

Overview

After removing duplicates, we identified 867 papers in
total—866 abstracts using el ectronic databases and 1 additional
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paper from the reference lists of theincluded studies. A total of
128 papers were identified as potentially eligible, and full-text
paperswereretrieved. Eight papersreporting 7 different studies
met the inclusion criteria and were included in this study. All
the studies were written in English. Two were protocol papers
[18,30], and the remainder were reports of evaluations. Figure
2 summarizes the flow of studiesin aPRISMA diagram [31].

Figure2. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-analyses) flow diagram.
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Multimedia Appendix 2[14,18,30,32-36] summarizesthe details
of the studies included in this review. Each of these studies
evaluated HAM interventions, either for effectiveness or for
cost-effectiveness, and consisted of home assessment by an
occupational therapist or other trained personnel in addition to
the removal or adaption of potential hazards. Of the 7 papers,
5 used randomized controlled trial designs, whereasthe studies
by Hollinghurst et a [18], de Almeida Méello et a [32], and
Maggi et a [33] used alongitudinal quasi-experimental design.
The research was located in the following countries: Australia
[14,34], Belgium [32,33], the United Kingdom [18]), New
Zealand [35,36], and the United States [30].

Sour ces of Routine Data

The sources of routine data across al studies are summarized
in Multimedia Appendix 2 For data sources hosting multiple
databases, this table notes the original sources of each of these
databases.

https://aging.jmir.org/2021/2/e24728

RenderX

Health Care Providers

Two studiesin this study used data from health care providers:
in New Zealand—the University of Auckland optometry clinic,
a private ophthalmology practice, and Dunedin and Auckland
hospital [35], and in Austraia—the Roya Prince Alfred
Teaching and Research Hospital, Sydney [34]. The use of these
datawas approved by the Otago and Auckland ethics committees
[35] and the Ethics Review Committee of the Central Sydney
AreaHealth Service [34,37].

Government Agencies

Pegaet al [36] used routine data obtained from the New Zealand
Government’s Integrated Data Infrastructure (IDI) database
[38]. This is a large database containing data on people and
households in New Zealand, including data on education,
income, benefits, migration, justice, and health. Many data sets
within the IDI can be electronically linked using identifiable
data—first and last name, date of birth, age, sex, and country
of birth, which are then removed or encrypted before their use
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in research. The IDI follows strict governance procedures to
ensure privacy and confidentially, including the use of avirtual
platform to provide researchers accessto data. Before accessing
data, researchers must undertake atwo-stage application process
that costs US $500 plus tax (there is no charge for government
organizations) [36,38].

The study reported by Maggi et al [33] and de Almeida Mello
et al [32] sourced their routinely collected datafrom the Belgian
Government’s InterMutualist Agency (IMA). Thisorganization
collects data on patients from Belgium's 7 mutualities (health
insurance associations) and prepares them for analysis [39].
Health insuranceismandatory in Belgium; therefore, it includes
dataon all legal residents (11 million citizens) [40]. The three
main IMA databases include a population database of
sociodemographic data, ahealth care database about health care
utilization and cost data of ambulatory and hospital care, and a
pharmaceutical database of medication prescription and cost
data. These can be linked using multiple encrypted social
security numbers [40]. Research use of person-level,
pseudonomized health datarequires an internal application and
approval by the Information Security Committee and the
supervision of a doctor, and access is provided via a virtual
environment. This comes at aflat rate of €4660 or more if an
analyst or medical expert is needed [39].

Day et a [14] used two official sources of data collected by the
Australian Government. The electoral roll is managed by the
Australian Electoral Commission [41] and under the
Commonwealth Electoral Act 1918, which can be provided to
approved medical researchers. The Australian Bureau of
Statistics [42], a governmental organization that provides
microdatato researchers and academics, curates the Australian
national census and health survey. Recently, this organization
has established Datal_ab, which isaweb environment that gives
userstheir own virtual workspace to access data where outputs
can be vetted for disclosure risk. Accessis given to accredited
researchers only (the application process is outlined in detail
[43]).

The St. LouisAreaAgency on Aging (SLAAA) isagovernment
organization that provides services and support for older people,
including the HAM interventions evaluated by the Stark et al
[30] study included in this paper [44]. The SLAAA collects
data via the Nationa Aging Program Information System
database on the general health, nutritional, financial, functional,
and environmental status of older adults in the area, and Stark
et al [30] used these data as part of their study.

Nongovernmental or Third-Sector Organizations

Hollinghurst et a [18] used routinely collected data from the
Secure Anonymized Information Linkage (SAIL) Databank
[45]. SAIL is a data safe haven that houses many deidentified
data sources predominantly about the Welsh population,
including data from the NHS and the Welsh Government. Data
sources in SAIL can be linked using twice-encrypted
Anonymous Linking Fields based on a person’s NHS number
or Residential Anonymous Linking Field for aplace of residence
derived from Unique Property Reference Numbers [46,47].
Technical and procedural controls such as an externd
Information Governance Review Panel (IGRP) and scrutiny of
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resultsby a SAIL DataGuardian mitigate therisk of disclosure.
There is no charge for the data, except for support and
infrastructure costs, such as data preparation and the use of
computing [45,48]. Hollinghurst et al [18] accessed each of
their data sources via the SAIL Databank.

Careand Repair Cymru [49] isaregistered charity in the United
Kingdom that provides HAM interventions to older people.
They supplied Hollinghurst et a [18] study with datafrom their
national registry, outlining information on their interventions
and clients. Campbell et a [35] used data from the charity
register of the Royal New Zealand Foundation for the Blind—a
register of people who are living with vision loss in New
Zesland.

Types of Routine Data

Demographic Data

The most commonly used demographic data used by studies
were age, date of birth, sex, and address or area of residence.
Examples of the latter are lower layer super output areas
(LSOAS), used in the study by Hollinghurst et al [18], which
are small geographical areas consisting of 1000 to 1500 people
in the United Kingdom. These data formed part of the Welsh
Demographic Service Data Set, an NHS data source available
in SAIL Databank [45] that gives the demographic
characteristics of people registered with General Practitioner
practicesin Wales [18,50].

In addition to the main demographic data given earlier, Pega et
al [36] obtained information on participants ethnicity and
residential statusfrom a database held by the New Zealand IDI
database—the 2013 New Zealand Census of Population and
Dwellings[38]. From the Australian national census and health
survey, Day et a [14] extracted dataon marital status, ethnicity,
and type of residence (eg, own home or residential care). De
AlmeidaMello et al [32] and Maggi et al [33] used dataon their
participants’ financial situation and their cohabitants from the
IMA's database on reimbursed health care in Belgium.

Clinical and Health Data

Hollinghurst et al [18] used primary care data on patients
symptoms, signs, diseases, disabilities, and abnormal laboratory
values from the Welsh Longitudinal Genera Practice data in
the SAIL Databank [45]. Most of these variables werein Read
codeformat (Read version 2)—standardized clinical codesused
by heath professionals in the NHS to record patient data
electronically [51]. Maggi et a [33] and de Almeida Mello et
al [32] used primary care data from the Belgian IMA [39]
database on medication use and information on the presence of
a caregiver and the level of nursing care received by their
participants.

Pegaet a [36] accessed two other New Zealand | DI data sources
to retrieve secondary care datafrom hospital events: the Ministry
of Health's New Zealand Health Tracker [52], which links data
from primary and secondary care pertaining to publicly funded
health events, and the Accident Compensation Corporation
claims register, which contains information on all people to
whom they have provided compensation for anonfault accident.
These data included the date of hospital admission, discharge,
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and type of admission, as indicated by the International
Classification of Disease, version 10 (ICD-10) coding. ICD-10
isaninternational classification system for diseases, causes of
injury, signs and symptoms, and social circumstances [53].
Campbell et a [35], Hollinghurst et a [18], and Salkeld et al
[34] used similar data. ICD-10 codes were also used by studies
to ascertain the cause of aparticipant’s death (if relevant) along
with the date the death occurred; these datawere extracted from
the Belgian IMA database (de Almeida Mello et al [32] and
Maggi et a [33]), and from the Welsh Annual District Death
Extract, a government-curated register of al deaths relating to
residents of Wales[18,53].

Administrative Data

Day et al [14] used self-report administrative dataregarding the
health status of the Australian population and their consumption
of antidepressant and hypnotic medication collected as part of
the Australian census and health survey. Fromthe US St. Louis
Area Agency on Aging NAPIS database, Stark et al [30] used
self-report data about participants' previous fals and fear of
faling. This government organization keeps a record of this
information to help tailor their services to older people [44].
From data generated as part of their service provision in Wales,
Care and Repair Cymru provided Hollinghurst et a [18] with
information on HAM intervention types (eg, advice visit and
stair rail) and their installation date.

Salkeld et a [34] included costs of hospital eventsintheir study,
recorded using Australian diagnosisrelated groups. This
Australian classification system is related to the number and
types of patients treated in a hospital. Currently known as
Australian refined diagnosis-related groups, each group has a
cost attached and is used for hospital economic analyses [54].
Health Resource Group codes are the UK equivalent of these
and were used by Hollinghurst et al [18] from a secondary care
data set called the Patient Episode Database for Wales. Maggi
et al [33] and de Almeida Mello et a [32] also used resource
utilization costs from the Belgian IMA database [39].

Every 4 to 5 years, the Welsh Government [55] calculates the
Welsh Index of Multiple Deprivation from routine data,
including income, employment, health, and education. Welsh
Index of Multiple Deprivation ranks small areas in Wales
(LSOAS) according to their level of deprivation (1-1909).
Hollinghurst et al [18] used deprivation quintiles, which
allocated deprivation rankings to each LSOA ranging from
quintile 1 to quintile 5, where quintile 1 indicates the areas of
highest deprivation. The Care Inspectorate Wales Care Home
registry provided the addresses of all care settingsin Waleswho
provide care servicesto the public [56]. Both these data sources
were accessed via the SAIL Databank but are also publicly
available online.

Purpose of Routine Data

Recruitment of Participantsor Creation of Study Sample

All but one of the studies included in this review used routine
datato create study samples. Instead, Salkeld et a [34] recruited
participants who were attending outpatient clinics and day
centers for older people or were inpatients at a hospital.

https://aging.jmir.org/2021/2/e24728
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Demographic and clinical information in routinely collected
data allowed researchers to target their recruitment drive at
participants according to their inclusion and exclusion criteria.
Day et a [14] sent |etters and made phone callsto 11,120 people
aged over 70 yearsregistered on the Australian electoral roll to
recruit individual s who owned their own homes. Subsequently,
researchersin this study used the Australian census and health
survey to compare how their sample differed from the general
population in terms of age, ethnicity, marital status, and health
status[14]. Stark et al [30] formed their sampleusing SLAAA’s
NAPIS database to identify individuals at high risk of falling
(aged more than 65 years and having afall in the preceding 12
months or worried about falling). Campbell et al [35] used data
from the Royal New Zealand Foundation of the Blind register
and clinic and hospital recordsto identify participants aged over
75 yearswith poor vision and living in the community. Eligible
participants were then invited to participate. In the study
reported by de Almeida Mello et al [32] and Maggi et a [33],
the Belgian National Institute for Health and Disability
Insurance that provided HAM interventions in the real world,
gave records of those who had received HAM interventions so
that researchers could recruit to their study.

Three of the studies reviewed created electronic cohorts from
routine data. As these were formed from anonymized data
sources, it was not necessary to seek participants consent to
participate. Pegaet al [36] used census datato identify the study
population of people more than 65 years of ageliving in private
accommodation. Hollinghurst et al [18] used data from their
intervention provider, Care and Repair Cymru, to define a
deidentified, electronic cohort of people living in Wales aged
60 years or more who received an intervention between 2009
and 2017. They also created acomparator group of peoplewith
similar demographic characteristicsfrom the Welsh Longitudinal
General Practice datawho had not received an intervention from
Care and Repair. Dates of death from the Annual District Death
Extract from the Office of National Statistics [56] mortality
datawere used to censor participantswho died during the course
of the study. Maggi et a [33] and de AlmeidaMéello et al [32]
also created an electronic cohort, thistime for their comparator
group only, from the Belgian IMA database. Using variables
in the National Health Insurance data held in this database,
researchers ensured that their intervention and comparator
groupswere matched in terms of age, risk of ingtitutionalization,
and health care utilization.

Stratification of the Sample

Pegaet al [36] used census datato stratify their sample into 20
discrete cohorts by sex, age (65-69, 70-74, 75-79, 80-84, and
85 yearsor more), ethnicity (Indigenous New Zealanders. Maori
and non-Maori), and whether participants were at high or low
risk. The latter was determined according to the occurrence of
any injurious falls in the previous five years identified using
CD10. Maggi et al [33] deAlmeidaMello et al [32] used routine
data from the Belgian IMA [39] database to stratify their
comparator group according to aparticipant’s health impairment
(mild or moderate to severe). This variable was derived from
information on age, the cost of nursing, physiotherapy, and
speech therapy at home, type of nursing care, and use of drugs
for dementia.
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Hollinghurst et a [18] stratified their sample according to
participants’ electronic Frailty Index (eFl) score. Thisindex is
used to predict outcomes including mortality, unplanned
hospitalization, and nursing home admission and was cal cul ated
from 36 health deficit variablesroutinely collected and recorded
in the Wales Longitudinal General Practice data set [57,58].
Depending on their eFl score, participants were categorized as
either fit, mildly frail, moderately frail, or severely frail.

Generation of Predictor Variables or Covariates

Through electronic linkage between data sources within the
SAIL Databank [45], Hollinghurst et a [18] assigned a
deprivation index to the LSOA of participants' residences to
explore whether deprivation levels, together with age and sex,
modify the effectiveness of HAM interventions. Pega et al [36]
used census data to create a variable indicating the proportion
of people moving house at or after 65 years of age to estimate
transitions into and out of modified and unmodified
accommodation and to calculate the probability of participants
moving into residential care.

Generation of Outcome Measures

To investigate whether their HAM intervention was
cost-effective, Pega et a [36] compared the cost of
hospitalization and the cost of attending a nonhospital health
care setting after afall between groups. Asasecondary outcome
measure, this study cal culated the probability of hospitalization
after a fall. To assess the cost-effectiveness of their HAM
intervention, Salkeld et a [34] calculated the cost of
participants’ hospital utilization from the number of bed days
and associated Australian diagnosis-related groups for each
stay. Missing codes wereimputed using the daily cost averaged
acrossall codes. Campbell et al [35] measured the effectiveness
of their HAM intervention according to the incidence of falls
occurring postintervention using self-report calendars. Any falls
reported as needing medical attention were confirmed using
routine clinical datafrom hospitalsand general practice records.

Maggi et a [33] and de Almeida Mello et a [32] linked their
study participantsindividually to the IMA (2020) database, and
this provided the main outcomes for their study; permanent
institutionalization is defined as 90+ days at a nursing home or
death. Individual-to-household data linkage allowed
Hollinghurst et al [18] to measure intervention effectiveness
from the number of hospital admissions for falls at home
(identified with an 1ICD10 code) and the length of stay derived
from admission and discharge dates. This study also measured
the time it took for an individual to move to a care home after
afall using an anonymized list of care home addresses (from
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the Care Inspectorate Wal es registry) to address changesin the
Welsh Demographic Service data.

Risk of Bias Findings

Table 1 shows the decisions regarding the risk of biasin each
domain of the ROBINS-I tool and the decision made regarding
the risk of bias in each study overall. After assessing the risk
of bias, we judged that the studies included in this study were
at anoverall risk of low [14-36] to moderate bias[18,30,32,33].
The differences in bias were mainly because of design—all
studieswith overall low bias were randomized controlled trials
(RCTs). The studies by Hollinghurst et a [18], de Almeida
Mello et al [32], and Maggi et al [33] were longitudinal studies
and, as such, were unableto reduce biasesin theway that RCTs
are inherently designed to do. Hollinghurst et al [18] did not
adjust for previous fals, which is a predictor of subsequent
falls; therefore, it was deemed at a serious risk of bias for
confounding. The study by Stark et a [30] wasaprotocol only;
therefore, there was not enough information available to
determine whether this RCT was an overall low risk of bias.

It is worth mentioning that in the context of this study, using
routinely collected data to measure outcomes can reduce the
likelihood of biasin thisdomain. Blinding of participantsisnot
possiblein HAM evaluations; studiesrelying on self-report data
to measure the number of falls are therefore subject to at least
moderate bias (also known asresponse bias[29,30,32-34]. Both
Hollinghurst et a [18] and Campbell et a [35] retrieved the
number of fallsfrom EHRs and were thus judged to be at alow
risk of bias. Pega et a [36] also used routinely collected data
to measure outcomes (New Zealand Tracker and Accident
Compensation Corporation claims register). However, these
two sources of datawere not individual ly linked, and duplicated
counts of falls may have occurred in some cases. This study
was deemed to have a moderate risk of bias.

Recall bias occurs when participants misremember previous
events or experiences and can lead to inaccuracies in the
information recorded in studies [59]. As mentioned earlier,
several studies used self-report data to account for previous
fals, an important confounding factor, and inaccurate recall
could result in an imbalance between groups, particularly in
nonrandomized studies. For the studies that collected
information on previousfalls, only Pegaet a [36] used routinely
collected datato identify participantswho had previously fallen,
thusavoiding recall biasin thisinstance. Self-reported outcomes
are particularly subject to this type of bias, where preexisting
beliefs and memory can affect recall and sway study resultsin
either direction [59]. In this study, four studies measured falls
using self-report data and were, therefore, at risk of recall bias.
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Table 1. Results of risk of bias assessment using the Risk Of Bias In Non-Randomized Studies of Interventions tool.

Reference Domain Overall risk
Confounding Selection Classification Deviationbias Missingdata Outcome Selectivere-
bias bias bias porting
Campbell eta Low Low Low Moderate Low Moderate Low Low
[39]
Day et a [14] Low Low Low Moderate Low Moderate Low Low
de Almeida Moderate Low Low Low Moderate Moderate Moderate Moderate
Mello et al [32]
and Maggi et a
[33]
Hollinghurst et Serious Low Low Moderate Low Low Noinforma-  Moderate
a [18] tion
Pegaeta [36] Low Low Noinformation  Low Low Moderate Moderate Low
Sakeld et a Low Low Low Low Low Moderate Low Low
[34]
Stark etal [30] Low Low Low Noinforma  Noinforma  Moderate Noinforma  Moderate
tion tion tion
Sampling bias, also known as volunteer bias, occurs when : :
g Discussion

participants consist of individuals who have volunteered to
participate in a study and may not be representative of the
general population [59]. Only the study by Hollinghurst et al
[18] was able to avoid this bias completely by using an
anonymized electronic cohort, which precluded the need to seek
participants’ consent to participate.

Small sample sizesin intervention evaluations are problematic
as they are often unable to detect significant or clinically
relevant differences, and findings cannot be extrapolated to the
general population [60]. After conducting a power calculation
to determinetheir target sample size, Salkeld et al [34] reported
that their study of 530 participants was underpowered and the
difference in the number of falls between groups was not
significant. Thismay have been atypell error rather than atrue
reflection of the effectiveness of HAM interventions [37].
Failing to hit sample size targets was likely related to their
recruitment strategy (as mentioned earlier) and budget
constraints[34]. All other studiesin this study used routine data
to recruit participants and reported no issues regarding sample
size. Studiesthat featured electronic cohorts were over 8 times
larger than those using recruitment models requiring consent
[18,32,33,36].

Limited follow-up times can also be an issue in trias, as any
long-term hazards or benefits can be missed and are usually
only ableto provide evidence of effectivenessin the short term
[61]. Using self-report outcomes for falls, Maggi et al [33]
conducted a 6-month follow-up—the shortest follow-up time
for studies in this paper. The longest was in the study by Pega
et a [36] that used routinely collected data to follow up
outcomes until a participant’s death or until age 110 years,
although this was simulated data used in Markov modeling.

https://aging.jmir.org/2021/2/e24728

Principal Findings

We identified 7 studies reported in 8 papers that used routine
datato support the evaluation of HAM interventions. All studies
were conducted in economically developed countries [62].
Government organizations provided the mgjority of dataacross
studies, with health care providers and third-sector organizations
providing data. Studies used a range of demographic, clinical
or health, and administrative data. The purpose of using
routinely collected data spanned recruiting or creating asample,
stratification, generating independent variables or covariates,
and measuring key study-related outcomes.

The use of clinical data in research, particularly from EHRS,
has risen considerably over recent years, and these are likely
the most widely used source of routine data in health research
today [63]. This coincides with a global increase (46% during
2011-2016) in EHR adoption across al health care service
providers [64]. In this study, we have seen the versatile use of
EHRs in HAM evaluations, from recruitment to outcome
measurement. Although the provision of data by governments
for health research isnot as widespread, it isincreasingly being
advocated given the richness of the data they collect [65-67].
Thisisevident from the varied use of governmental data by the
studies of this paper. In addition, many charities are now
recognizing the value of their data, not only to improve their
own services but also to enhance health research more generally
[68,69].

Although the use of routinely collected datain health research
is increasing, we only identified 7 studies that matched our
inclusion criteria. This could be due to governance and system
barriers surrounding the use of routinely collected dataand data
linkage in particular [22], athough data safe havens used in
studies from Wales [18] and New Zealand [36] improve
accessibility. Linkage of household-level datais currently not
commonplace, and there is a need for this type of data and
linkage of datafor evaluation purposes more generally [21,70].
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The absence of any studiesfrom low-to-middleincome countries
may be aresult of having fewer housing adaption provision in
conjunction with less well-established routine data collection
infrastructure and procedures [71,72].

This study shows that there is a clear value in the use of
routinely collected data in HAM evaluation. It allows for
objective data collection on key outcomes, including
hospitalization, length of stay, care home admission, and
mortality. Its use can reduce the risk of bias in trias where
assessors may become unblinded to alocation and in participant
recall and response. Longitudinal data sets such as EHRs are
continuously updated and preclude the need for taking repeated
measures from participants; this can reduce research costs and
the burden on participants. In addition, target populations
meeting specific inclusion criteria can be easily accessed.
Forming electronic cohorts from routine data has particular
benefitsin that they can minimize recruitment bias and attrition,
plus extended follow up and the creation of suitable control
groups are far simpler to achieve. These larger samples aso
allow for greater validity, generalizability, and yield adequate
statistical power. Moreover, hard-to-reach or minority
populations that are typically underrepresented in research can

Danielset d

be easily included, such as those of advanced old age and other
underrepresented groups including minority ethnic groups and
people with multimorbidities [36,73,74]. However, too large a
sample can detect significant differences that are not clinically
relevant, and care needsto be taken to ensure appropriate sample
size calculation with predefined clinically important differences
in outcomes where possible [60].

Routine data are often used in mixed methods studies. The
variables collected in these data sets are predetermined and
rigid, generally restricted to codes, and rarely contain any
contextual or in-depth qualitative information. These studies
still need qualitative data and process evaluation to understand
how service users experience these interventions and to get to
the core of what actually mattersto older people—all of which
can influence an intervention’s effectiveness [ 75]. Specific data
collection via surveys and interviews is necessary to collect
granular data or to answer specific questions that are not
supported by routine data. If the use of routine data can reduce
the burden of quantitative data collection, then more resources
can be made available to enhance these data using aternative
methods (Textbox 1) [76].

Textbox 1. Potential benefits and limitations of the use of routinely collected data in home assessment modification evaluations.

Benefits

« Richdata

« Noor minimal participant burden

« Reusablefor replication studies

«  Highexternal validity

«  Diverse populations

«  Fewer requirements for ethical approval

« Largecontrol groups available for adequate statistical power
« Avoidsrecall bias

«  Reduces study attrition

« Nointerference with routine care

«  Lower cost and less resources needed for data collection

«  Long observation periods

Limitations

«  Dataquality, for example, missingness

«  Outcomes may need to be derived

«  Randomization studies not possible with use of these data only
«  Unavailability of confounding variables

« Dataaccessissues, for example, governance

«  Overpowered studies leading to spurious, significant findings

«  Participant contact often not possible with anonymized routine data as consent not sought at study inception

Benefitsand Limitations of This Study

Degspite the use of rigorous methods, this study has severa
limitations. Some studies may not have fully reported the use

https://aging.jmir.org/2021/2/e24728

of routine data in their publications; therefore, this study may
be missing key information in this regard. We focused only on
fall interventions based in participants’ homes; nonhome-based
fall intervention evaluations using routinely collected datawere
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excluded. Two protocols were included; therefore, resultswere  Conclusions
not available for either of these studies. We did not attempt to
identify unpublished studies, which meansthat this study could
be subject to publication bias. We did not use MeSH headings
inthe PubMed search as, after piloting, this greatly reduced the
search specificity. This means that some studies that met the
inclusion criteria may not have been identified. However, we
used a comprehensive search strategy, including the use of the
LILACS database, of which most of its indexed journals are
not indexed in other databases[77]. Our robust bias assessment
using a standardized tool allowed objective evidence of biasin
the studies of this paper and the comparison of bias between
routine and nonroutine data use.

Despitethe limited number of studies, we have seen that routine
data can be used successfully in many aspects of evaluations of
HAMSs and can enhance methodological quality by reducing
different types of bias while also improving other important
design considerations. These advantages could be used further,
for example, inthe evaluation of HAM interventionsto support
people with disabilities. However, this study shows the under
use of routine data in this important area of work. There are a
number of governance barriers to be overcome to alow these
types of linkage, and more work should be done to take
advantage of the value that routinely collected data can offer.

Acknowledgments

SR was supported in part by the National Institute for Health Research Applied Research (NIHR) Collaboration North West
Coast. AC was supported in part by the NIHR Collaboration Yorkshire and Humber and Health Data Research UK, aninitiative
funded by the UK Research and Innovation Councils, National Institute for Health Research and the UK devolved administrations,
and leading medical research charities. The views expressed here are those of the authors and not necessarily those of the NHS,
the NIHR, or the Department of Health and Social Care. The funder has no input in the study. Thiswork was supported by Health
and Care Research Wales (Project SCF-18-1504), the Dunhill Medical Trust (Project BEHA\41), and Health Data Research UK
(HDR-9006), which received funding from HDR UK Ltd funded by the UK Medica Research Council, Engineering and Physical
Sciences Research Council, Economic and Social Research Council, Department of Health and Social Care (England), Chief
Scientist Office of the Scottish Government Health and Socia Care Directorates, Health and Social Care Research and Devel opment
Division (Welsh Government), Public Health Agency (Northern Ireland), British Heart Foundation, and the Wellcome Trust.
Thisresearch was al so supported by the Administrative Data Research (ADR) Wales program of work. The ADR Wales program
of work isaligned with the priority themesidentified in the Welsh Government’s national strategy: Prosperity for All. ADR Wales
bringstogether data science experts at Swansea University Medical Schoal; staff from the Wales I nstitute of Social and Economic
Research, Data and Methods at Cardiff University; and specialist teams within the Welsh Government to develop new evidence
that supports Prosperity for All by using the SAIL Databank at Swansea University, to link and analyze anonymized data. ADR
Walesis part of the Economic and Social Research Council (part of the UK Research and Innovation) funded by ADR UK (Grant
ES/S007393/1). This work was also supported by the Wales School for Social Care Research, which was funded by Health and
Care Research. The data used in this study are available from the SAIL Databank at Swansea University, Swansea, United
Kingdom. All proposalsto use SAIL dataare subject to review by anindependent IGRP. Before any data can be accessed, approval
must be provided by the IGRP. The IGRP gives careful consideration to each project to ensure the proper and appropriate use of
SAIL data. When access has been approved, it is gained through a privacy-protecting safe haven and remote access system,
referred to asthe SAIL Gateway. SAIL has established an application processto be followed by anyone who would like to access
datavia SAIL [45]. This study has been approved by the IGRP as Project 0867.

Conflictsof Interest
JH isthe lead author of one of the studies included in this review. The other authors have no conflicts to declare.

Multimedia Appendix 1

PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-analyses) checklist.
[DOC File, 64 KB-Multimedia Appendix 1]

Multimedia Appendix 2

Summary of findings.
[DOCX File, 22 KB-Multimedia Appendix 2]

References

1. TianY, Thompson J, Buck D, SonolaL. Exploring the system-wide costs of fallsin older people in Torbay. London: The
King's Fund; 2013:1-12.

2. WHO global report on falls prevention in older age. World Health Organization. 2007. URL : https.//extranet.who.int/
agefriendlyworl d/wp-content/upl oads/2014/06/\WWHo-Gl obal -report-on-falls-prevention-in-ol der-age.pdf [accessed 2021-03-12]

https://aging.jmir.org/2021/2/e24728 JMIR Aging 2021 | vol. 4 | iss. 2| 24728 | p. 10
(page number not for citation purposes)


https://jmir.org/api/download?alt_name=aging_v4i2e24728_app1.doc&filename=1b49897640f595ec36a655418a411f9f.doc
https://jmir.org/api/download?alt_name=aging_v4i2e24728_app1.doc&filename=1b49897640f595ec36a655418a411f9f.doc
https://jmir.org/api/download?alt_name=aging_v4i2e24728_app2.docx&filename=92ba87a6c8e1985af8bad1afc38132f9.docx
https://jmir.org/api/download?alt_name=aging_v4i2e24728_app2.docx&filename=92ba87a6c8e1985af8bad1afc38132f9.docx
https://extranet.who.int/agefriendlyworld/wp-content/uploads/2014/06/WHo-Global-report-on-falls-prevention-in-older-age.pdf
https://extranet.who.int/agefriendlyworld/wp-content/uploads/2014/06/WHo-Global-report-on-falls-prevention-in-older-age.pdf
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR AGING Daniels et a

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,
25.

Pin S, Spini D. Impact of falling on social participation and socia support trajectoriesin amiddle-aged and elderly European
sample. SSM Popul Health 2016 Dec;2:382-389 [ FREE Full text] [doi: 10.1016/j.ssmph.2016.05.004] [Medline: 29349155]
A return on investment tool for the assessment of falls prevention programmes for older people living in the community.
Public Health England. 2018. URL: https://tinyurl.com/5fx59fec [accessed 2021-03-12]

NICE. Falsin older people (QS86). National Ingtitutefor Health and Care Excellence. 2015. URL : https.//www.nice.org.uk/
guidance/qs86/resources/fall s-in-ol der-peopl e-pdf-2098911933637 [accessed 2021-03-12]

Florence CS, Bergen G, Atherly A, Burns E, Stevens J, Drake C. Medical costs of fatal and nonfatal fallsin older adults.
JAm Geriatr Soc 2018 Apr 07;66(4):693-698 [ FREE Full text] [doi: 10.1111/jgs.15304] [Medline: 29512120]

Lord SR, Sherrington C, Menz HB, Close JCT. Fallsin older people: epidemiology, risk factors and strategiesfor prevention.
In: Age and Ageing. Cambridge, United Kingdom: Cambridge University Press; Sep 2006:37-41.

In thejournals: research finds that many older people can't get up from afall. Harvard Women's Health Watch. 2009. URL :
https://tinyurl.com/a6zjjm63 [accessed 2021-03-12]

Overview of the UK population: August 2019. Officefor National Statistics. 2019. URL: https://www.ons.gov.uk/rel eases/
overviewoftheukpopulationjuly2019 [accessed 2021-03-12]

Keal MD, Baker M, Howden-Chapman P, Cunningham M. Association between the number of home injury hazards and
home injury. Accid Anal Prev 2008 May;40(3):887-893. [doi: 10.1016/j.aap.2007.10.003] [Medline: 18460355]

Gillespie LD, Robertson MC, Gillespie WJ, Sherrington C, Gates S, Clemson LM, et al. Interventions for preventing falls
in older people living in the community. Cochrane Database Syst Rev 2012 Sep 12(9). [doi:
10.1002/14651858.CD007146.pub3] [Medline: 22972103]

Goodwin V, Jones-Hughes T, Thompson-Coon J, Boddy K, Stein K. Implementing the evidence for preventing falls among
community-dwelling older people: a systematic review. J Safety Res 2011 Dec;42(6):443-451 [FREE Full text] [doi:
10.1016/j.jsr.2011.07.008] [Medline: 22152262]

Turner S, Arthur G, Lyons RA, Weightman AL, Mann MK, Jones SJ, et al. Madification of the home environment for the
reduction of injuries. Cochrane Database Syst Rev 2011 Feb 16(2) [FREE Full text] [doi: 10.1002/14651858.CD003600.pub3]
[Medline: 21328262]

Day L, Fildes B, Gordon I, Fitzharris M, Flamer H, Lord S. Randomised factorial trial of falls prevention among older
people living in their own homes. Br Med J 2002 Jul 20;325(7356):128 [FREE Full text] [doi: 10.1136/bmj.325.7356.128]
[Medline: 12130606]

Nikolaus T, Bach M. Preventing falls in community-dwelling frail older people using a home intervention team (HIT):
results from the randomized Falls-HIT trial. JAm Geriatr Soc 2003 Mar;51(3):300-305. [doi:
10.1046/j.1532-5415.2003.51102.x] [Medline: 12588572]

Alldi G, Launay CP, Blumen HM, Callisaya ML, De Cock A, Kressig RW, Biomathics Consortium. Falls, cognitive
impairment, and gait performance: resultsfrom the good initiative. JAm Med Dir Assoc 2017 Apr 01;18(4):335-340 [FREE
Full text] [doi: 10.1016/j.jamda.2016.10.008] [Medline: 27914848]

Clegg A, Relton C, Young J, Witham M. Improving recruitment of older peopleto clinical trials: use of the cohort multiple
randomised controlled trial design. Age Ageing 2015 Jul 08;44(4):547-550. [doi: 10.1093/ageing/afv044] [Medline:
25857552]

Hollinghurst J, Akbari A, Fry R, Watkins A, Berridge D, Clegg A, et al. Study protocol for investigating the impact of
community home modification services on hospital utilisation for fall injuries: a controlled longitudinal study using data
linkage. BMJ Open 2018 Oct 30;8(10) [FREE Full text] [doi: 10.1136/bmjopen-2018-026290] [Medline: 30381314]
West J, Hippisley-Cox J, Coupland C, Price G, Groom L, Kendrick D, et al. Do rates of hospital admission for falls and
hip fracture in elderly people vary by socio-economic status? Public Health 2004 Dec;118(8):576-581. [doi:
10.1016/j.puhe.2004.02.006] [Medline: 15530938]

Brusco NK, Watts JJ. Empirical evidence of recall bias for primary health care visits. BMC Health Serv Res 2015 Sep
15;15(1):381 [FREE Full text] [doi: 10.1186/s12913-015-1039-1] [Medline: 26373712]

Todd OM, Burton JK, Dodds RM, Hollinghurst J, Lyons RA, Quinn TJ, et al. New horizons in the use of routine data for
ageing research. Age Ageing 2020 Aug 24;49(5):716-722 [EREE Full text] [doi: 10.1093/ageing/afaa018] [Medline:
32043136]

Jones KH, Laurie G, Stevens L, Dobbs C, Ford DV, Lea N. The other side of the coin: Harm due to the non-use of
health-related data. Int JMed Inform 2017 Jan;97:43-51 [FREE Full text] [doi: 10.1016/j.ijmedinf.2016.09.010] [Medline:
27919394]

Systematic Reviews : CRD’s guidance for undertaking reviews in health care. In: Centre for Reviews and Dissemination.
York: York Publishing Services Ltd; 2009:1-294.

PRISMA checklist. PRISMA (2015). URL : http://prismastatement.org/PRI SM A Statement/Checklist [accessed 2021-03-13]
Jones K, DanielsH, Heys S, Lacey A, Ford DV. Toward arisk-utility data governance framework for research using
genomic and phenotypic datain safe havens: multifaceted review. JMed Internet Res 2020 May 15;22(5) [FREE Full text]
[doi: 10.2196/16346] [Medline: 32412420]

https://aging.jmir.org/2021/2/e24728 JMIR Aging 2021 | vol. 4 | iss. 2| e24728 | p. 11

(page number not for citation purposes)


https://linkinghub.elsevier.com/retrieve/pii/S2352-8273(16)30023-4
http://dx.doi.org/10.1016/j.ssmph.2016.05.004
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29349155&dopt=Abstract
https://tinyurl.com/5fx59fec
https://www.nice.org.uk/guidance/qs86/resources/falls-in-older-people-pdf-2098911933637
https://www.nice.org.uk/guidance/qs86/resources/falls-in-older-people-pdf-2098911933637
http://europepmc.org/abstract/MED/29512120
http://dx.doi.org/10.1111/jgs.15304
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29512120&dopt=Abstract
https://tinyurl.com/a6zjjm63
https://www.ons.gov.uk/releases/overviewoftheukpopulationjuly2019
https://www.ons.gov.uk/releases/overviewoftheukpopulationjuly2019
http://dx.doi.org/10.1016/j.aap.2007.10.003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18460355&dopt=Abstract
http://dx.doi.org/10.1002/14651858.CD007146.pub3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22972103&dopt=Abstract
https://doi.org/10.1016/j.jsr.2011.07.008
http://dx.doi.org/10.1016/j.jsr.2011.07.008
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22152262&dopt=Abstract
http://europepmc.org/abstract/MED/21328262
http://dx.doi.org/10.1002/14651858.CD003600.pub3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21328262&dopt=Abstract
http://europepmc.org/abstract/MED/12130606
http://dx.doi.org/10.1136/bmj.325.7356.128
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12130606&dopt=Abstract
http://dx.doi.org/10.1046/j.1532-5415.2003.51102.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12588572&dopt=Abstract
http://europepmc.org/abstract/MED/27914848
http://europepmc.org/abstract/MED/27914848
http://dx.doi.org/10.1016/j.jamda.2016.10.008
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27914848&dopt=Abstract
http://dx.doi.org/10.1093/ageing/afv044
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25857552&dopt=Abstract
https://bmjopen.bmj.com/lookup/pmidlookup?view=long&pmid=30381314
http://dx.doi.org/10.1136/bmjopen-2018-026290
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30381314&dopt=Abstract
http://dx.doi.org/10.1016/j.puhe.2004.02.006
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15530938&dopt=Abstract
https://bmchealthservres.biomedcentral.com/articles/10.1186/s12913-015-1039-1
http://dx.doi.org/10.1186/s12913-015-1039-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26373712&dopt=Abstract
http://europepmc.org/abstract/MED/32043136
http://dx.doi.org/10.1093/ageing/afaa018
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32043136&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1386-5056(16)30203-9
http://dx.doi.org/10.1016/j.ijmedinf.2016.09.010
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27919394&dopt=Abstract
http://prismastatement.org/PRISMAStatement/Checklist
https://www.jmir.org/2020/5/e16346/
http://dx.doi.org/10.2196/16346
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32412420&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR AGING Daniels et a

26.

27.

28.

29.

30.

31.

32.

33.

35.

36.

37.

38.

39.

40.

41.

42.
43.

45,

46.

47.

48.

49,

50.

Mizen A, Lyons J, Milojevic A, Doherty R, Wilkinson P, Carruthers D, et a. Impact of air pollution on educational attainment
for respiratory health treated students: a cross sectional data linkage study. Health Place 2020 May;63 [FREE Full text]
[doi: 10.1016/j.healthplace.2020.102355] [Medline: 32543438]

Sterne JAC, Herndn MA, Reeves BC, Savovi¢ J, Berkman ND, Viswanathan M, et a. ROBINS-I: atool for assessing risk
of biasin non-randomised studies of interventions. Br Med J 2016 Oct 12;355(6001):i4919 [FREE Full text] [doi:
10.1136/bmj.i4919] [Medline: 27733354]

Cochrane methods. ROBINS:I tool. URL: https.//methods.cochrane.org/methods-cochrane/robins-i-tool [accessed 2021-03-13]
Bowling A. Research methods in health: investigating health and health services. 4th edition. New York: McGraw Hill;
2014.

Stark S, Somerville E, Keglovits M, Conte J, Li M, Hu Y, et al. Protocol for the home hazards removal program (HARP)
study: a pragmatic, randomized clinical trial and implementation study. BMC Geriatr 2017 Apr 20;17(1):90 [EREE Full
text] [doi: 10.1186/s12877-017-0478-4] [Medline: 28427336]

PRISMA flow diagram. PRISMA (2015). URL : http://prismastatement.org/PRI SM A Statement/Fl owDiagram.aspx [accessed
2021-03-13]

de AlmeidaMéllo J, Declercg A, Cés S, Van Durme T, Van Audenhove C, Macq J. Exploring home care interventions for
frail older people in Belgium: a comparative effectiveness study. J Am Geriatr Soc 2016 Nov 27;64(11):2251-2256. [doi:
10.1111/jgs.14410] [Medline: 27676585]

Maggi P, de AlmeidaMello J, Delye S, Cés S, Macq J, Gosset C, et a. Fall determinants and home modifications by
occupational therapists to prevent falls: Facteurs déterminants des chutes et modifications du domicile effectuées par les
ergothérapeutes pour prévenir les chutes. Can J Occup Ther 2018 Feb 05;85(1):79-87. [doi: 10.1177/0008417417714284]
[Medline: 29506411]

Salkeld G, Cumming RG, O'Neill E, Thomas M, Szonyi G, Westbury C. The cost effectiveness of ahome hazard reduction
program to reduce falls among older persons. Aust N Z J Public Health 2000 Jun;24(3):265-271. [doi:
10.1111/j.1467-842x.2000.tb01566.x] [Medline: 10937402]

Campbell AJ, Robertson MC, Grow SIL, Kerse NM, Sanderson GF, Jacobs RJ, et al. Randomised controlled trial of
prevention of fallsin people aged > or =75 with severe visual impairment: the VIPtrial. Br Med J 2005 Oct 08;331(7520):817
[FREE Full text] [doi: 10.1136/bmj.38601.447731.55] [Medline: 16183652]

Pega F, Kvizhinadze G, Blakely T, Atkinson J, Wilson N. Home safety assessment and modification to reduce injurious
fallsin community-dwelling older adults: cost-utility and equity analysis. Inj Prev 2016 Dec 24,22(6):420-426. [doi:
10.1136/injuryprev-2016-041999] [Medline: 27222247]

Cumming RG, Thomas M, Szonyi G, Salkeld G, O'Neill E, Westbury C, et al. Home visits by an occupational therapist for
assessment and modification of environmental hazards: arandomized trial of falls prevention. JAm Geriatr Soc 1999
Dec;47(12):1397-1402. [doi: 10.1111/].1532-5415.1999.tb01556.x] [Medline: 10591231]

Integrated datainfrastructure. StatsNZ. 2019. URL : https.//www.stats.govt.nz/integrated-data/integrated-daterinfrastructure/
[accessed 2021-03-13]

Health data. The InterMutualist Agency. 2020. URL : https://www.ima-aim.be [accessed 2021-03-13]

Maetens A, De Schreye R, FaesK, Houttekier D, DeliensL, Gielen B, et a. Using linked administrative and disease-specific
databases to study end-of-life care on a population level. BMC Palliat Care 2016 Oct 18;15(1):86 [FREE Full text] [doi:
10.1186/s12904-016-0159-7] [Medline: 27756296]

Managing the Commonwealth Electoral Roll. Australian Election Commission. 2020. URL : https://www.aec.gov.au/
Enrolling_to vote/About Electoral_Roll/ [accessed 2021-03-13]

Census. Australian Bureau of Statistics. 2020. URL : https://www.abs.gov.au/census [accessed 2021-03-13]

Parker T. The Datal ab of the Australian Bureau of Statistics. Australian Economic Review 2017 Nov 30;50(4):478-483.
[doi: 10.1111/1467-8462.12246)]

St Louis Area Agency on Aging. City of St. Louis. 2020. URL : https://www.stlouis-mo.gov/government/departments/
human-services/aging-services [accessed 2021-03-13]

SAIL Databank - The secure anonymised information linkage databank. 2020. URL: https://saildatabank.com/ [accessed
2021-03-13]

The power of the UPRN. GeoPlace. 2020. URL : https://www.geopl ace.co.uk/addresses-streets/addresses/the-uprn [accessed
2021-03-13]

Rodgers SE, LyonsRA, DsilvaR, Jones KH, Brooks CJ, Ford DV, et a. Residential Anonymous Linking Fields (RALFs):
anovel information infrastructure to study the interaction between the environment and individuals health. J Public Health
(Oxf) 2009 Dec 15;31(4):582-588. [doi: 10.1093/pubmed/fdp041] [Medline: 19447812]

Jones KH, Ford DV, Thompson S, Lyons R. A profile of the SAIL Databank on the UK secure research platform. Int J Pop
Data Sci 2020 Oct 19;4(2). [doi: 10.23889/ijpds.v4i2.1134]

Helping older people to live independently in warm, safe, accessible homes. Care & Repair Cymru. 2020. URL: https:/
/www.careandrepair.org.uk/en/ [accessed 2021-03-13]

Lower layer super output area. NHS Digital. 2020. URL: https://tinyurl.com/445s6nnn [accessed 2021-03-13]

https://aging.jmir.org/2021/2/e24728 JMIR Aging 2021 | vol. 4 | iss. 2| e24728 | p. 12

(page number not for citation purposes)


https://linkinghub.elsevier.com/retrieve/pii/S1353-8292(20)30036-8
http://dx.doi.org/10.1016/j.healthplace.2020.102355
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32543438&dopt=Abstract
http://www.bmj.com/lookup/pmidlookup?view=long&pmid=27733354
http://dx.doi.org/10.1136/bmj.i4919
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27733354&dopt=Abstract
https://methods.cochrane.org/methods-cochrane/robins-i-tool
https://bmcgeriatr.biomedcentral.com/articles/10.1186/s12877-017-0478-4
https://bmcgeriatr.biomedcentral.com/articles/10.1186/s12877-017-0478-4
http://dx.doi.org/10.1186/s12877-017-0478-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28427336&dopt=Abstract
http://prismastatement.org/PRISMAStatement/FlowDiagram.aspx
http://dx.doi.org/10.1111/jgs.14410
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27676585&dopt=Abstract
http://dx.doi.org/10.1177/0008417417714284
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29506411&dopt=Abstract
http://dx.doi.org/10.1111/j.1467-842x.2000.tb01566.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=10937402&dopt=Abstract
http://europepmc.org/abstract/MED/16183652
http://dx.doi.org/10.1136/bmj.38601.447731.55
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16183652&dopt=Abstract
http://dx.doi.org/10.1136/injuryprev-2016-041999
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27222247&dopt=Abstract
http://dx.doi.org/10.1111/j.1532-5415.1999.tb01556.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=10591231&dopt=Abstract
https://www.stats.govt.nz/integrated-data/integrated-data-infrastructure/
https://www.ima-aim.be
https://bmcpalliatcare.biomedcentral.com/articles/10.1186/s12904-016-0159-7
http://dx.doi.org/10.1186/s12904-016-0159-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27756296&dopt=Abstract
https://www.aec.gov.au/Enrolling_to_vote/About_Electoral_Roll/
https://www.aec.gov.au/Enrolling_to_vote/About_Electoral_Roll/
https://www.abs.gov.au/census
http://dx.doi.org/10.1111/1467-8462.12246
https://www.stlouis-mo.gov/government/departments/human-services/aging-services/
https://www.stlouis-mo.gov/government/departments/human-services/aging-services/
https://saildatabank.com/
https://www.geoplace.co.uk/addresses-streets/addresses/the-uprn
http://dx.doi.org/10.1093/pubmed/fdp041
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19447812&dopt=Abstract
http://dx.doi.org/10.23889/ijpds.v4i2.1134
https://www.careandrepair.org.uk/en/
https://www.careandrepair.org.uk/en/
https://tinyurl.com/445s6nnn
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR AGING Daniels et a

51.

52.

53.

55.

56.

57.

58.

59.
60.

61.

62.

63.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

Read codes. NHS Digital. 2018. URL : https://digital.nhs.uk/services/terminol ogy-and-cl assifications/read-codes [ accessed
2021-03-13]

Blakely T, Atkinson J, Kvizhinadze G, Nghiem N, McLeod H, Wilson N. Health system costs by sex, age and proximity
to death, and implications for estimation of future expenditure. N Z Med J 2014 May 02;127(1393):12-25. [Medline:
24816953]

World Health Organization. International statistical classification of diseases and related health problems (ICD). ICD-11.
2020. URL: https://www.who.int/classifications/cl assifi cation-of -diseases [accessed 2021-03-13]

Australian refined diagnosis-related groups (AR-DRG) data cubes. Australian Institute Of Health and Welfare. 2019. URL :
https.//www.ai hw.gov.au/reports/hospital s/ar-drg-data-cubes/contents/data-cubes [accessed 2021-03-13]

Welsh Index of Multiple Deprivation (full Index update with ranks): 2019. Welsh Government. 2019. URL : https.//gov.
wal es/wel sh-index-multiple-deprivation-full -index-update-ranks-2019 [accessed 2021-03-13]

User guide to mortality statistics. Office of National Statistics. 2019. URL: https://www.ons.gov.uk/

peoplepopul ationandcommunity/birthsdeathsandmarri ages/deaths/methodol ogi es/usergui detomortal ity statisticsjuly2017
[accessed 2013-03-13]

Clegg A, Bates C, Young J, Ryan R, NicholsL, Ann Teale E, et al. Development and validation of an electronic frailty
index using routine primary care electronic health record data. Age Ageing 2016 May 03;45(3):353-360 [FREE Full text]
[doi: 10.1093/ageing/afw039] [Medline: 26944937]

Clegg A, Young J, lliffe S, Rikkert MO, Rockwood K. Frailty in elderly people. The Lancet 2013 Mar;381(9868):752-762.
[doi: 10.1016/50140-6736(12)62167-9]

Catalogue of bias. University of Oxford. 2020. URL : https://catal ogofbias.org/ [accessed 2021-03-13]

Faber J, FonsecaLM. How sample sizeinfluences research outcomes. Dental Press J Orthod 2014 Aug;19(4):27-29 [FREE
Full text] [doi: 10.1590/2176-9451.19.4.027-029.ebo] [Medline: 25279518]

Llewellyn-Bennett R, Edwards D, Roberts N, Hainsworth AH, Bulbulia R, Bowman L. Post-trial follow-up methodology
in large randomised controlled trials: a systematic review. Trials 2018 May 30;19(1):298 [FREE Full text] [doi:
10.1186/s13063-018-2653-0] [Medline: 29843774]

High income countries 2021. World Population Review. 2020. URL : https://worldpopul ationreview.com/country-rankings/
high-income-countries [accessed 2021-03-13]

Casey JA, Schwartz BS, Stewart WF, Adler NE. Using electronic health records for population health research: areview
of methods and applications. Annu Rev Public Health 2016 Mar 18;37(1):61-81 [FREE Full text] [doi:
10.1146/annurev-publhealth-032315-021353] [Medline: 26667605]

Electronic health records : analysis of third global survey on eHealth based on the reported data by countries, 2016. World
Health Organization. 2016. URL: https.//www.who.int/gho/goe/electronic_health_records/en/ [accessed 2021-03-13]
Improving access for research and policy. The Government response to the report of the Administrative Data Taskforce.
Department for Business, Innovation and Skills. 2013. URL: https://assets.publishing.service.gov.uk/government/upl oads/
system/uploads/attachment_ data/file/206873/bis-13-920-government-response-administrative-data-taskforce. pdf [accessed
2021-03-19]

Teng J, O'Doherty KC, McGrail K, Burgess M. Data collected by governments can be useful to researchers, but only when
accessed carefully. 2019. URL: https://theconversation.com/

data-coll ected-by-governments-can-be-usef ul -to-researchers-but-onl y-when-accessed-carefully-116579 [accessed 2021-03-13]
Weerakkody V, Irani Z, Kapoor K, Sivarajah U, Dwivedi Y K. Open data and its usability: an empirical view from the
citizen’s perspective. Inf Syst Front 2016 Jul 23;19(2):285-300. [doi: 10.1007/s10796-016-9679-1]

How my daughter’s health data is helping M S research. MS Society. 2020. URL : https://www.mssoci ety.org.uk/research/
| atest-research/l atest-research-news-and-blogs/how-my-daughters-hesl th-data-is-hel ping-ms-research [accessed 2021-03-13]
Lucy deLC, Tracey G, David P. The power of data: isthe charity sector ready to plug in? New Philanthropy Capital. 2013.
URL: https://www.thinknpc.org/wp-content/upl 0ads/2018/07/T he-power-of -data.pdf [accessed 2021-03-19]

Harron K, Dibben C, Boyd J, Hjern A, Azimaee M, Barreto ML, et a. Challengesin administrative datalinkage for research.
Big Data Soc 2017 Dec 05;4(2) [FREE Full text] [doi: 10.1177/2053951717745678] [Medline: 30381794]

Akhlag A, Sheikh A, Pagliari C. Barriersand facilitatorsto health information exchange in low- and middle-income country
settings: a systematic review protocol. JInnov Health Inform 2015 Mar 27;22(2):284-292 [FREE Full text] [doi:
10.14236/jhi.v22i2.98] [Medline: 26245242]

Mwogi T, Were MC. Setting the agenda for personal health records in low- and middle-income countries. Stud Health
Technol Inform 2017;245:1234. [Medline: 29295321]

Liljas AEM, WaltersK, Jovicic A, lliffe S, Manthorpe J, Goodman C, et al. Strategies to improve engagement of 'hard to
reach' older peoplein research on health promotion: asystematic review. BMC Public Health 2017 Apr 21;17(1):349 [FREE
Full text] [doi: 10.1186/s12889-017-4241-8] [Medline: 28431552]

Redwood S, Gill PS. Under-representation of minority ethnic groupsin research — call for action. Br J Gen Pract 2013 Jul
01;63(612):342-343. [doi: 10.3399/bjgp13x668456]

Department of Health and Social Care. High quality carefor al: NHS Next Stage Review final report. London: Department
of Health and Social Care; 2008.

https://aging.jmir.org/2021/2/e24728 JMIR Aging 2021 | vol. 4 | iss. 2| e24728 | p. 13

RenderX

(page number not for citation purposes)


https://digital.nhs.uk/services/terminology-and-classifications/read-codes
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24816953&dopt=Abstract
https://www.who.int/classifications/classification-of-diseases
https://www.aihw.gov.au/reports/hospitals/ar-drg-data-cubes/contents/data-cubes
https://gov.wales/welsh-index-multiple-deprivation-full-index-update-ranks-2019
https://gov.wales/welsh-index-multiple-deprivation-full-index-update-ranks-2019
https://www.ons.gov.uk/peoplepopulationandcommunity/birthsdeathsandmarriages/deaths/methodologies/userguidetomortalitystatisticsjuly2017
https://www.ons.gov.uk/peoplepopulationandcommunity/birthsdeathsandmarriages/deaths/methodologies/userguidetomortalitystatisticsjuly2017
http://europepmc.org/abstract/MED/26944937
http://dx.doi.org/10.1093/ageing/afw039
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26944937&dopt=Abstract
http://dx.doi.org/10.1016/s0140-6736(12)62167-9
https://catalogofbias.org/
http://europepmc.org/abstract/MED/25279518
http://europepmc.org/abstract/MED/25279518
http://dx.doi.org/10.1590/2176-9451.19.4.027-029.ebo
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25279518&dopt=Abstract
https://trialsjournal.biomedcentral.com/articles/10.1186/s13063-018-2653-0
http://dx.doi.org/10.1186/s13063-018-2653-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29843774&dopt=Abstract
https://worldpopulationreview.com/country-rankings/high-income-countries
https://worldpopulationreview.com/country-rankings/high-income-countries
http://europepmc.org/abstract/MED/26667605
http://dx.doi.org/10.1146/annurev-publhealth-032315-021353
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26667605&dopt=Abstract
https://www.who.int/gho/goe/electronic_health_records/en/
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/206873/bis-13-920-government-response-administrative-data-taskforce.pdf
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/206873/bis-13-920-government-response-administrative-data-taskforce.pdf
https://theconversation.com/data-collected-by-governments-can-be-useful-to-researchers-but-only-when-accessed-carefully-116579
https://theconversation.com/data-collected-by-governments-can-be-useful-to-researchers-but-only-when-accessed-carefully-116579
http://dx.doi.org/10.1007/s10796-016-9679-1
https://www.mssociety.org.uk/research/latest-research/latest-research-news-and-blogs/how-my-daughters-health-data-is-helping-ms-research
https://www.mssociety.org.uk/research/latest-research/latest-research-news-and-blogs/how-my-daughters-health-data-is-helping-ms-research
https://www.thinknpc.org/wp-content/uploads/2018/07/The-power-of-data.pdf
https://journals.sagepub.com/doi/10.1177/2053951717745678?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub%3dpubmed
http://dx.doi.org/10.1177/2053951717745678
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30381794&dopt=Abstract
http://dx.doi.org/10.14236/jhi.v22i2.98
http://dx.doi.org/10.14236/jhi.v22i2.98
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26245242&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29295321&dopt=Abstract
https://bmcpublichealth.biomedcentral.com/articles/10.1186/s12889-017-4241-8
https://bmcpublichealth.biomedcentral.com/articles/10.1186/s12889-017-4241-8
http://dx.doi.org/10.1186/s12889-017-4241-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28431552&dopt=Abstract
http://dx.doi.org/10.3399/bjgp13x668456
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR AGING Daniels et a

76. Hemkens LG, Contopoulos-loannidis DG, loannidis JP. Routinely collected data and comparative effectiveness evidence:
promises and limitations. Can Med Assoc J 2016 May 17;188(8):158-164 [ FREE Full text] [doi: 10.1503/cmaj.150653]
[Medline: 26883316]

77. Clark OA, Castro AA. Cochrane reviews must use LILACS database like source of articles. BMC News and views 2001
Aug 26;1(S3). [doi: 10.1186/2048-4623-1-s3-pb081]

Abbreviations

ADR: Administrative Data Research

eFl: electronic Frailty Index

EHR: electronic health record

HAM: home assessment and modification

ICD10: International Classification of Disease, version 10

IDI: integrated datainfrastructure

IGRP: Information Governance Review Panel

IMA: InterMutualist Agency

LSOA: lower layer super output area

NHS: National Health Service

NIHR: National Institute for Health Research Applied Research
PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-analyses
RCT: randomized controlled trial

ROBINSI: Risk Of Bias In Non-Randomized Studies of Interventions
SAIL: Secure Anonymized Information Linkage

SLAAA: St LouisArea Agency on Aging

Edited by J Wang; submitted 03.10.20; peer-reviewed by K Jones, C Miranda; comments to author 09.11.20; revised version received
25.02.21; accepted 03.03.21; published 23.04.21

Please cite as.

DanielsH, Hollinghurst J, Fry R, Clegg A, Hillcoat-Nallétamby S Nikolova S, Rodgers SE, Wiliams N, Akbari A

The Value of Routinely Collected Data in Evaluating Home Assessment and Modification Interventions to Prevent Falls in Older
People: Systematic Literature Review

JMIR Aging 2021;4(2):e24728

URL: https://aging.jmir.org/2021/2/e24728

doi: 10.2196/24728

PMID:

©Helen Danidls, Joe Hollinghurst, Richard Fry, Andrew Clegg, Sarah Hillcoat-Nallétamby, Silviya Nikolova, Sarah E Rodgers,
Neil Williams, Ashley Akbari. Originally published in IMIR Aging (https://aging.jmir.org), 23.04.2021. Thisis an open-access
article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/),
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work, first publishedin IMIR
Aqging, is properly cited. The complete bibliographic information, a link to the original publication on http://aging.jmir.org, as
well as this copyright and license information must be included.

https://aging.jmir.org/2021/2/e24728 JMIR Aging 2021 | vol. 4 | iss. 2| e24728 | p. 14
(page number not for citation purposes)

RenderX


http://www.cmaj.ca/cgi/pmidlookup?view=long&pmid=26883316
http://dx.doi.org/10.1503/cmaj.150653
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26883316&dopt=Abstract
http://dx.doi.org/10.1186/2048-4623-1-s3-pb081
https://aging.jmir.org/2021/2/e24728
http://dx.doi.org/10.2196/24728
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

