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ABSTRACT

Introduction Homelessness is a global issue with

a detrimental impact on health. Individuals who
experience homelessness are often labelled as frequent
healthcare users; yet it is a small group of individuals
who disproportionately use the majority of services. This
protocol outlines the approach to combine survey data
from a prospective cohort study and randomised controlled
trial with administrative healthcare data to characterise
patterns and predictors of healthcare utilisation among a
group of adults with a history of homelessness.

Methods and analysis This cohort study will apply
survey data from the Health and Housing in Transition
study and the At Home/Chez Soi study linked with
administrative healthcare databases in Ontario, Canada.
We will use count models to quantify the associations
between baseline predisposing, enabling, and need factors
and hospitalisations, emergency department visits and
physician visits in the following year. Subsequently, we
will identify individuals who are high-cost users of the
health system (top 5%) and characterise their patterns of
healthcare utilisation. Logistic regression will be applied
to develop a set of models to predict who will be high-
cost users over the next 5 years based on predisposing,
enabling and need factors. Calibration and discrimination
will be estimated with bootstrapped optimism (bootstrap
performance—test performance) to ensure the model
performance is not overestimated.

Ethics and dissemination This study is approved by
the St Michael’s Hospital Research Ethics Board and the
University of Toronto Research Ethics Board. Findings will
be disseminated through publication in peer-reviewed
journals, presentations at research conferences and brief
reports made available to healthcare professionals and the
general public.

Trial Registration Number This is a secondary data
analysis of a cohort study and randomized trial. The

At Home/Chez Soi study has been registered with the
International Standard Randomised Control Trial Number
Register and assigned ISRCTN42520374.

INTRODUCTION
Homelessness is a global issue with a detri-
mental impact on physical and mental

,! Paul Kurdyak,® Stephen W Hwang®*

Strengths and limitations of this study

» This protocol emphasises the innovative approach of
combining data from a prospective cohort study and
a randomised controlled trial with administrative
health records to examine patterns and predictors
of healthcare utilisation among adults with a history
of homelessness.

» This approach is uniquely achievable due to the
overlap in the eligibility criteria for the At Home/Chez
Soi (AH/CS) and Health and Housing in Transition
studies, and the similarities between the AH/CS
intervention and community services available to
participants.

» The study overcomes limitations of past research by
joining individual-level demographic, housing and
health status information with longitudinal adminis-
trative healthcare data.

» This will be the first study to develop a prediction
model that identifies high-cost users of the health
system exclusively among adults with a history of
homelessness, which will supplement existing mod-
els in the general population.

» There are challenges to merging two distinct studies,
including measurement and timeline differences, yet
the ability to examine these cohorts together and
separately will enable a more comprehensive ex-
amination of healthcare utilisation among a diverse
group of adults with a history of homelessness.

health.! Inability to obtain timely and
adequate healthcare due to housing insta-
bility or mental health challenges may
promote the progression of illness and lead
to subsequent emergency department (ED)
visits and hospitalisations that may otherwise
have been prevented.

Homeless individuals are often considered
frequent users of the health system, yetitis a
small group of individuals who disproportion-
ately use the majority of services." Findings
from a 4-year cohort study reported homeless
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individuals were 1.76 (95% CI 1.58 to 1.96) times more
likely to visita physician, 8.48 (95% CI 6.72 to 10.70) times
more likely to visit the ED, 4.22 (95% CI 2.99 to 5.94)
times more likely to have a medical-surgical hospitalisa-
tion and 9.27 (95% CI 4.42 to 19.43) times more likely
to have a psychiatric hospitalisation when compared with
low-income controls over an average follow-up period of
3.9 years.” In this same study, 10% of the homeless cohort
accounted for 43% of physician visits, 60% of ED visits,
80% of medicalsurgical hospitalisations and 86% of
psychiatric hospitalisations.”

Frequency of encounters is one component of health-
care utilisation. A number of studies examine factors
associated with higher frequency of ED visits, with few
studies examining hospitalisations and physician visits,
among homeless individuals.”® It has been reported that
predisposing factors, such as age, gender, ethnic iden-
tity, housing stability, mental illness and substance use,
are associated with hospitalisations, ED visits, and physi-
cian ViSitS,S_ls and criminalisation and victimisation with
ED visits.* “"' ¥ Enabling factors such as insurance and
regular source of care are related to hospitalisations, ED
visits and physician visits™ ? '* while barriers to care,'
social services® and competing needs (eg, food insecu-
rity)® are associated with ED visits and hospitalisations.
Need factors, such as perceived health and evaluated
health conditions, are associated with hospitalisations,
ED visits and physician visits.” * 7!

This collective literature highlights many factors
to consider when examining healthcare encounters;
however, these studies are not without limitations. First,
many studies measured exposures and outcomes simul-
taneously, which made it difficult to establish tempo-
rality.”® ' Second, healthcare utilisation was often
measured by self-report without verification by medical
charts.”™"® This contributed to arbitrary and inconsistent
definitions for healthcare utilisation being used across
studies (eg, =21 ED ViSit,S 16913 >3 ED visits,5 8 >4 ED
visits).* 7 1% Third, most of the literature focuses on ED
visits, with less research on psychiatric and non-psychiatric
hospitalisations or physician visits. To identify determi-
nants of healthcare utilisation by adults with a history of
homelessness, a next step is to model factors associated
with frequency of utilisation ascertained from objective
and complete administrative healthcare records.

Healthcare cost is another useful measure of the
frequency and intensity of care utilisation. Risk predic-
tion algorithms have been developed to predict who will
become future ‘high cost users’, defined as the top 5% of
users in the general population.'*™? Many of the existing
models were developed using a limited set of administra-
tive variables that did not include pertinent individual-
level characteristics (eg, sociodemographics).

Data linkage between survey data and administra-
tive data is a promising way to obtain information on
individual characteristics and healthcare utilisation.
For instance, the Canadian Community Health Survey
(CCHS) has been linked to administrative data to predict

high-cost users in Ontario, Canada.'* However, the CCHS
is a household survey that does not represent homeless
individuals. By excluding a group of individuals who
are considered frequent users of health services, these
models are likely to underestimate future healthcare
resources and system costs. Since a minority of homeless
individuals (10%) use a majority of services (>50%),” it is
necessary to develop a model that can identify individuals
who will be high-cost users in the next 5 years. In doing
so, targeted efforts can be made at the individual level
to improve health (or disease management) and reduce
avoidable acute service use.

Objectives

1. To describe the distribution of healthcare utilisation by
adults with a history of homelessness, and to identify
the predisposing, enabling and need factors associated
with hospitalisations, ED visits and physician visits in
the following year.

2. To describe the patterns of healthcare costs by adults
with a history of homelessness, and to characterise
higher cost users of the health system by predisposing,
enabling and need factors.

3. To develop and validate a risk prediction model to
identify high-cost users or recurrent high-cost users
over the next 5 years among a cohort of adults with a
history of homelessness.

METHODS AND ANALYSIS

The proposed study is a cohort design based on prospec-
tive data from the At Home/Chez Soi (AH/CS) study
and the Health and Housing in Transition (HHiT)
study linked with administrative health records at ICES
(formerly the Institute for Clinical Evaluative Sciences).

AH/CS was a randomised controlled trial conducted
from 2009 to 2013 in five Canadian cities: Toronto,
Vancouver, Winnipeg, Montreal and Moncton.”’ At
enrolment (2009-2011), participants were at least 18
years of age, absolutely homeless or precariously housed
and living with a mental illness. Absolute homelessness was
defined as a ‘lack of regular, fixed, or physical shelter’
such as sleeping outside in public places or residing in
emergency shelters. Precarious housing included a primary
residence of a single room occupancy, rooming house,
a hotel or motel with two or more episodes of absolute
homelessness in the past year. Participants were stratified
by need level and ethnoracial status and then randomised
to receive Housing First or treatment as usual. Interviews
were conducted every 6 months over a 2-year period.
Data collection included sociodemographic character-
istics (eg, age, gender, ethnic identity, marital status),
housing history, mental illness, resources and health
conditions.*

HHiT was a longitudinal cohort study of homeless
and vulnerably housed single adults (18 years or older)
living in Toronto, Ottawa and Vancouver. Homelessness
was defined as current residence in a shelter, public
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space, vehicle, abandoned building or someone else’s
house. Vulnerable housing was current residence in one’s
own room, apartment or place with an experience
of homelessness or at least two moves in the past year.
Eligible participants were recruited between January and
December 2009 and followed until February 2018.* **
Interviews were conducted every 12 months over 4 years
to collect sociodemographic, resource and health data.
Participants were reimbursed $C20 for each interview.*

The AH/CS and HHiT studies aimed to retain 80% of
the sample over the study period. To increase the rate of
retention, interviewers made efforts to establish rapport
with participants and emphasised the importance of their
involvement.”’ **

The Registered Persons Database (RPDB) is a popu-
lation registry of all Ontario residents who are eligible
for health insurance coverage under the Ontario Health
Insurance Plan (OHIP). Personal identifiers, such as
health card number, are used to assign a unique ICES key
number (IKN) for linkage across internal and external
data sets. Specifically, data from the AH/CS and HHiT
studies can be linked to administrative records if the
participants consented to linkage and provided a health
card number that corresponds to a valid IKN in the RPDB.
This key number also enables internal linkage with other
databases including the Canadian Institute for Health
Information Discharge Abstract Database (CIHI-DAD),
Ontario Mental Health Reporting System (OMHRS),
National Ambulatory Care Reporting System (NACRS)
and OHIP.

Survey data are linked with administrative health
records from 1 year before the date of enrolment (index
date) to 5 years after the date of enrolment (end of
follow-up). The baseline AH/CS and HHiT survey data
and administrative data for 1 year before index were
used as independent variables. Administrative data were
collected annually to ascertain healthcare utilisation
outcomes up to 5 years after index.

Independent variables

The Behavioral Model for Vulnerable Populations is the
theoretical basis for the proposed research.” Predisposing
factorsinclude demographics (age, gender, marital status),
social structure characteristics (ethnic identity, education,
employment), housing history, mental illness, substance
use, criminal behaviour and victimisation. Enabling factors
contain personal and community resources (region of resi-
dence, regular source of care, perceived barriers to care).
Need factors include perceived health status and observed
health conditions. Table 1 describes the complete list of
predictor variables, with mental health diagnostic codes
reported in online supplemental table 1.2

Outcome variables

Healthcare utilisation includes the number of health-
care encounters and healthcare costs per person over a
specified time period. Healthcare visits will be identified
from ICES administrative databases, including OMHRS,

NACRS, CIHI-DAD and OHIP (table 2). Total costs per
person are estimated using an individual-level costing
macro based on all healthcare databases at ICES.

Healthcare encounters will be separated into hospital-
isations, ED visits and physician visits. Hospitalisations
include psychiatric and non-psychiatric inpatient hospi-
talisations, identified in OMHRS and CIHI-DAD. For
descriptive purposes, the number of hospitalisations will
be categorised as non-users (0 visit), moderate users (1-2
visits) or high users (>3 visits) in a given year.”’ For the
main analysis, hospitalisations will be modelled either as
a binary or count variable as appropriate.

ED visits are ascertained from hospital records recorded
in NACRS. For descriptive analysis, the number of ED
visits will be categorised as non-users (0 visit), moderate
users (1-4 visits) or high users (=5 visits) in a given year.
While no widely used method for classifying ED use exists,
these groups are based on a systematic review of frequent
users and other reports in the homeless population.”
The number of ED visits will be modelled as a count vari-
able for the main analysis.

Physician visits include primary care, psychiatrist and
other medical specialist visits reported in OHIP. The
number of physician visits in a given year will be classified
as non-users (0 visit), moderate users (1-4 visits) or high
users (25 visits).”” The frequency of physician visits will
also be modelled as a count variable for the main analysis.

As a secondary analysis, ED visits and hospitalisations
from ambulatory care sensitive conditions (AGSC) will
be explored, as these visits are considered avoidable with
adequate primary care. According to the CIHI, ACSGCs
include grand mal status and other epileptic seizures,
chronic obstructive pulmonary disease, asthma, heart
failure and pulmonary oedema, hypertension, angina
and diabetes.” Relevant diagnostic codes are listed in
online supplemental table 2.”* ACSC-related ED visits and
hospitalisations will be measured as the total number of
visits in a given year.

Total annual healthcare costs for each participant will
be calculated with a person-level validated costing algo-
rithm at ICES.” This algorithm combines the frequency
of healthcare encounters with intensity of resource util-
isation based on a weighted per unit cost. Total annual
healthcare costs for each participant will be calcu-
lated for the 5 years following index date. Each year,
the total costs for each participant will be categorised
as the bottom 0%-50%, top 11%-50%, top 6%—-10%,
top 2%-5% and top 1% of healthcare users in Ontario
according to predetermined cut-offs from a general
population sample.'***

Participants will further be classified as high-cost users
in a given year if their total annual healthcare expendi-
ture is above the cut-off for the top 5% of healthcare users
in Ontario. If a participant is in the top 5% of users for at
least 2 years over the 5-year follow-up, they will be classi-
fied as a recurrent high-cost user.
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Table 1 Survey questions from the At Home/Chez Soi (AH/CS) study and Health and Housing in Transition (HHIT) study

interviews and the predictor definitions for participants linked to administrative data

2023

Factors AH/CS HHIT Combined predictor definition
Predisposing
Age What is your date of birth? What is your date of birth? Age at index in the ICES Registered Persons
Database (RPDB) will be used. Administrative
date of birth will be checked against survey
date of birth.
Gender What is your gender? Your gender is... Survey gender will be used. If data are

Marital status

Ethnic identity

Education

Employment

Housing status

Duration of
homelessness

Cigarette
smoking

Criminal
behaviour

Victimisation

Are you currently single...
(list options)?

What is your ethnic or cultural
identity?

What is your level of
education?

What is your current primary
employment status?

Homeless or precariously
housed at enrolment;
Residential Time-Line Follow-
Back Inventory (RTLFB)*

In your lifetime, what is the
total amount of time you have
been homeless (months)?

At the present time, do
you smoke cigarettes daily,
occasionally or not at all?

In the past 6 months, have
you been arrested? ... have
you been arrested for criminal
activity more than once, or
been imprisoned at least once,
or served probation or other
community sanction?

During the past 6 months,
did anyone threaten to hit or
attack you, or threaten you
with a weapon? Has anyone
forced you or attempted to
force you into any unwanted
sexual activity, by threatening
you, holding you down or
hurting you in some way?

What is your marital status?

To which racial or cultural
group(s) do you belong?

How much school have you
completed?

In the past 12 months, did
you work at a paid job? Are
you currently working?

Homeless or vulnerably
housed at enrolment;
RTLFB

...if you add up all the
times in your life, how many
weeks, months or years
have you been homeless
(years)?

How often do you smoke?

In the past 12 month, were
you arrested by the police?
Incarcerated, whether in
preventive detention, prison
or a penitentiary? If yes,
how many times?

In the past 12 months were
you beaten up or physically
attacked? Did anyone force
you or attempt to force you
into any unwanted sexual
activity? If yes, how many
times?

missing, then sex from the RPDB will be
used.

Marital status is categorised into single;
widowed, separated or divorced; and married
or partnered.

Ethnic identity is based on self-report of
ethnoracial status. In the AH/CS study,
individuals who identified as Asian, Black,
Latin American, Indian-Caribbean, Middle
Eastern or mixed background were classified
as part of an ethnoracial minority. The same
set of criteria was applied for HHIT.

Education is dichotomised as either having
graduated from high school or having less
than high school education.

Classified as being employed part-time or full
time, and not employed.

Classified as homeless or housed based on
enrolment criteria; time spent homeless in
past 6 months.

Duration of homelessness is classified as the
total amount of time spent homeless in years.

Cigarette smoking is classified as being a
current daily smoker versus an occasional
smoker or non-smoker.

Criminal behaviour is classified as having
been arrested or incarcerated for criminal
activity at least once in the past 6-12 months
versus no criminal behaviour.

Victimisation is classified as having
experienced physical or sexual victimisation
at least once in the past 6-12 months versus
no victimisation.

Continued
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Table 1 Continued

Factors AH/CS HHIT Combined predictor definition
Mental illness Mini-International Self-reported mental illness For consistency, mental iliness is defined
(baseline) Neuropsychiatric Interview with mental health diagnostic codes from
(MINI)*® administrative data in the 1 year before
baseline.?52°

Any mental illness: >1 mental health
diagnostic code.

Type of mental illness: psychotic disorder
(schizophrenia and related disorders), other
mental disorder (eg, affective disorders,
personality disorders) or no mental disorder
(no diagnostic code).

Ideally, the past 3 years would be used to
identify?® psychotic disorder; however, data
restrictions only enable 1 year of data before
baseline data to be linked. The MINI will be
used for comparison and to supplement the
administrative data for AH/CS participants.

Problematic MINI Alcohol abuse or Alcohol Use Disorders Problematic alcohol use was classified as
alcohol use dependence Identification Test (AUDIT)*® either a flag for alcohol abuse or dependence
(past year) for AH/CS participants or an AUDIT score of

>20 for HHIT participants. Survey data were
supplemented with administrative health
records using diagnostic codes for alcohol
use disorders in the 1 year before baseline.

Problematic MINI Drug abuse or Drug Abuse Screening Test Problematic drug use was classified as either
drug use dependence (DAST-10)°" a flag for drug abuse or dependence for
(past year) AH/CS participants or a DAST-10 score of

>6 for HHIT participants. Survey data were
supplemented with administrative health
records using diagnostic codes for drug use
disorders in the 1 year before baseline.

Enabling
Region Toronto Toronto or Ottawa Region is classified as the location of
interview, either Toronto or Ottawa.
Regular source Do you have a regular medical Do you have a regular Regular source of care is classified as
of care doctor? medical doctor? reporting a regular medical doctor versus not
reporting a regular medical doctor.
Perceived In the past 6 months, was (In the past 12 months) Perceived barrier to care is classified as

barrier to care  there ever a time when you felt Have you needed care but having needed care that was not received in
that you needed healthcare were not able to get help? the past 6-12 months versus no barrier to
but you didn’t receive it? What were the reasons you care.
Thinking of the most recent were unable to get help?
time, why didn't you get care?

Food insecurity (In the past 30 days) Do you Do you have trouble getting Food insecurity is measured as an indicator
ever eat less than you feel you enough to eat? of not having enough to eat.
should because you can’t get
enough food?

Need factors

Perceived In general, would you say your In general, would you say  Perceived general health is categorised into
general health  health is poor, fair, good, very your health is poor, fair, poor, fair, and good or very good or excellent.
good, excellent? good, very good, excellent?
Continued

Wiens K, et al. BMJ Open 2020;10:¢039966. doi:10.1136/bmjopen-2020-039966 5



Table 1 Continued

Factors AH/CS HHIT Combined predictor definition
Physical health  (Asks about a series of Do you have any of Physical health conditions were classified as
conditions conditions) the following medical the number of chronic conditions, including

Do you have ANY other
serious medical condition? If
yes, what is it?

conditions?

asthma, hypertension, myocardial infarction
or heart disease, chronic obstructive
pulmonary disorder, bowel disorders, HIV,
diabetes and cancer. Two variables will be
derived from self-reported conditions from
survey data and diagnosed conditions from
administrative data.

ICES, formerly Institute for Clinical Evaluative Sciences.

Statistical analysis

Objective 1

Baseline demographic characteristics will be described
for the AH/CS and HHiT cohorts. Individuals who were
successfully linked to ICES data will be compared with
those who were not. Predisposing, enabling and need
factors will be examined across levels of hospitalisations,
ED visits or physician visits (none, moderate, high) using
x” tests or analysis of variance. Bivariate and multivariable
count models will identify factors associated with higher
rates of ED visits, hospitalisations and physician visits in
the following year.

Poisson regression assumes the mean and variance of
the model are equal.35 Common violations of this assump-
tion are overdispersion, or when the data exhibit more
zeros than is to be expected under a Poisson distribu-
tion. If either violation is evident, alternative models such
as the negative binomial distribution or zero-inflated
models will be considered.®® An offset term will be incor-
porated to account for any difference in observation time
between participants. Time at risk for each period will be
defined as 365 days, or the number of days between each

data collection and end of coverage date (eg, death).
Continuous variables will be examined for deviations
from linearity.

The primary analyses will report unadjusted associa-
tions in order to depict real-world circumstances where
characteristics are interconnected, instead of adjusting
away important effects.®® ¥ For comparison, the fully
adjusted and imputed models will also be reported. In
these multivariable models, all prespecified variables will
be retained despite significance.

Objective 2

Participants will be categorised as incurring costs within
the top 1%, 2%-5%, 6%-10%, 11%-50% and bottom
50% in the 1 year after baseline, based on the approach
by Rosella et al*’. Individual characteristics and costs by
type of encounter (eg, inpatient, ED, outpatient, physician,
prescription medications, laboratory, other services) will be
compared across cost categories. If necessary, the top 1%
and top 2%-5% groups will be combined. Ordinal logistic
regression will identify factors associated with higher levels
of healthcare expenditure using ‘bottom 0%-50% of health

Table 2 Definitions for healthcare utilisation variables and ICES administrative databases

Healthcare utilisation ICES administrative database

Outcome definition

Psychiatric hospitalisations Ontario Mental Health Reporting
System (OMHRS);

Canadian Institute for Health
Information Discharge Abstract

Database (CIHI-DAD)
Non-psychiatric CIHI-DAD

hospitalisations

Emergency department
visits

National Ambulatory Care
Reporting System (NACRS)

Ontario Health Insurance Plan
(OHIP)

Physician visits

Inpatient admissions to designated adult mental health beds,
as identified in OMHRS, and other psychiatric inpatient
admissions, as identified by the most responsible diagnosis in
CIHI-DAD. The frequency of psychiatric hospitalisations each
year was ascertained as a count variable.

Inpatient admissions for medical conditions or surgical
procedures as identified by the most responsible diagnosis in
CIHI-DAD. The frequency of non-psychiatric hospitalisations
each year was ascertained as a count variable.

The frequency of emergency department visits each year was
ascertained as a count variable, as identified from the hospital
ambulatory care records in NACRS.

Physician fee-for-service billings and shadow billings reported
in OHIP including primary care physicians, psychiatrists and
other medical specialists. The frequency of physician visits
each year was ascertained as a count variable.

ICES, formerly Institute for Clinical Evaluative Sciences.
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care users’ as the reference group. If the proportional odds
assumption is violated (eg, Brant test, 0=0.05), a less restric-
tive multinomial model will be used.*®

Objective 3

Risk prediction modelling will be used to develop a model
that predicts high-cost users of the health system over
l-year and 5-year periods. A third model will be devel-
oped to predict individuals who are high-cost users for
at least 2 years over the 5-year period. This is to separate
recurrent high-cost users from individuals who may expe-
rience regression to the mean, a phenomenon where
high healthcare users exhibit more normalised use over
time.”

Logistic regression will be used to develop these predic-
tion models. Ideally, the models would be developed in one
sample and externally validated in another, however this is
not feasible due to barriers accessing out-of-province data
(eg, Vancouver site of HHiT or AH/CS studies). Rather,
a bootstrapping technique will be applied to derive unbi-
ased estimates of model performance.40 In this method,
the prediction model will be developed in the original
sample and validated in a series of bootstrapped samples
with replacement. The following model building strategy,
based on the Transparent Reporting of a Multivariable
Prediction Model for Individual Prognosis or Diagnosis
statement’' and work by Harrell and Steyerberg,” * will
be carried out for 200 bootstrapped samples.

The initial model will be prespecified based on predic-
tors identified from relevant literature.”"" To avoid
overfitting the model, data reduction techniques will be
explored to limit the df used in developing the model.****
To test the assumption of linearity between the predic-
tors and log odds of the outcome, the functional form of
continuous variables will be assessed first with a smoothed
residual plot, and then with and without expanded
predictor terms (eg, quadratic, cubic splines) to test for
inclusion in the model."” ** The interactions that are
expected to violate the additivity assumption, such as
mental illness and substance use,'” will be examined by a
single likelihood ratio test. All interactions will be tested
at once to reduce type 1 error.* Overly influential obser-
vations (outliers) will be assessed by leverage measures,
such as dfbetas and dfit statistics.*” The above steps will be
repeated for each of the bootstrapped samples to derive
a measure of optimism (bootstrap performance—test
performance).*

Overall model performance will be estimated using
the R? statistic, a measure of the variation explained by
the model, and the Brier score, a quantity of the squared
difference between observed outcomes and predic-
tions.** Model performance will further be described
by calibration, the agreement between predicted and
observed outcomes, and discrimination, the ability for
predictions to separate individuals with and without
the outcome. An estimate of calibration will be derived
from the Hosmer-Lemeshow y” statistic. A visual plot of
predicted versus observed outcomes demonstrates the

level of calibration, with perfect calibration following a
45° line. Discrimination will be estimated by the concor-
dance (¢) statistic, which is equal to the area under the
receiver operating characteristic curve.** Concurrently,
a box plot will visually compare overlap in predictions
for individuals who are high-cost users (or recurrent
high-cost users) and those who are not.*” Model perfor-
mance estimates for the R? statistic, Brier score, Hosmer-
Lemeshow ¥ statistic and ¢ statistic will be corrected for
with bootstrapped optimism (apparent model perfor-
mance—optimism) to ensure the model performance is
not overestimated.*?

Missing data considerations

Missing data will be examined to identify which variables
are simultaneously missing and to describe the distribu-
tion of the outcome for individuals with missing predictor
values. Multiple imputation methods will be applied as
appropriate.” According to the survey data, the variable
with the most missing data is the duration of time spent
homeless for AH/CS (2.3%) and HHiT (3.3%). Demo-
graphics (eg, age and gender) and administrative vari-
ables have no missing data.

Sample size considerations

Based on independent linkage of the AH/CS and HHiT
studies with administrative records, we expect a combined
linkage rate of at least 80%, which will result in 1100
participants linked to administrative data. According
to a recent study, there are four steps to calculate the
sample size, including a calculation to ensure precise
estimates (margin of error=0.05), predicted values with
a small mean error across individuals (mean absolute
prediction error=0.05), a small required shrinkage of
predictor effects (shrinkage=0.1) and a small optimism
in apparent model fit (optimism=0.05)."° Table 3 reports
the estimated number of predictors that can be modelled
with a sample of 1100 participants under various condi-
tions. Assuming the model explains 20% of variance, 12
predictors can be estimated with an outcome proportion
of 10% or 16 predictors with an outcome proportion
of 20%. For models that include direct or mechanistic
measurements (where 50% of variance is explained),
33 or 47 parameters can be estimated with a 10 or 20%
outcome proportion. The proportion of high-cost users is
expected to be higher than 5% in the homeless samples
due to the elevated use of acute services compared with
non-homeless groups.”

Patient and public involvement

This is a secondary analysis of data from a cohort study
and randomised controlled trial which were designed with
input from people with lived experience of homelessness.
The current analysis does not involve the public in the
design, conduct, reporting or dissemination. Findings will
be shared in reports and at scientific meetings attended by
researchers, policymakers and people with lived experience.
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Table 3 The margin of error and number of predictors that
can be estimated given a sample size of 1100 participants,
based on four sample size requirements outlined by Riley et
al46

Step 1: To produce a precise estimate (margin of error <0.05)

Outcome 0.1 0.2
proportiont

0.024

Step 2: To produce predicted values with a small mean error
across all individuals (mean absolute prediction error=0.05)

Margin of error 0.018

Outcome 0.1 0.2
proportiont

Number of 44 31
parameters

Step 3: To produce a small required shrinkage of predictor
effects (shrinkage=0.1)

RZNageIkerke* 0.1 0.2 05 01 02 05
Outcome 0.1 0.1 01 02 02 0.2
proportiont
Number of 6 12 33 8 16 47
parameters

Step 4: To produce a small optimism in apparent model fit
(optimism=0.05)

2 o
R Nagelkerke 01 02 05 01 02 05
Outcome 0.1 0.1 01 02 02 02
proportiont

Number of 27 28 30 36 37 42
parameters

*In absence of existing studies for a similar target population,

Riley et al*® suggest an R?_ ... Value between 0.1 and 0.2 for
prediction models of health-related outcomes. When direct or
mechanistic measurements are included, the R? may be
closer to 0.5.

TBased on existing research that examines healthcare use among
homeless adults, we expect the outcome proportion will be greater
than in the general population.?

Nagelkerke

Strengths and anticipated challenges

This opportunity to combine data from two large cohorts
of adults with a history of homelessness is uniquely achiev-
able due to the overlapping eligibility criteria. The HHiT
study follows a cohort of homeless and vulnerably housed
individuals, sampled from the general homeless popu-
lation. Of these participants, nearly 50% report having
a mental illness. While the AH/CS study exclusively
enrolled individuals with a severe mental illness, these
individuals represent a subset of individuals eligible for
the HHIT study. In fact, given the overlap in eligibility
criteria, it is likely that some of the participants in HHiT
were enrolled in AH/CS. It will be important to conduct
certain analyses separately, particularly for absolute
measures of quantity and distribution of healthcare utili-
sation; however, most analyses examine relative measures
which will be less affected by the elevated proportion of
individuals with a mental illness.

3

Another consideration is the AH/CS intervention.
There are many resources available in large Canadian
cities, such as Toronto and Ottawa, that offer similar
services to the housing intervention received in the
AH/CS trial (eg, housing services, case management).*’
Services are constantly evolving, which makes it chal-
lenging to adequately capture the services received by
participants in any study, irrespective of whether the study
is observational or experimental. We will conduct sensi-
tivity analyses to ensure the presence of an intervention
does not alter the results.

The ability to link individuals to administrative data
overcomes the common limitation of relying on self-
reported healthcare utilisation data and ensures all visits
for each linked individual will be captured in the anal-
yses. While past research has dichotomised or categorised
healthcare encounters, data linkage permits the use of
count data to describe a comprehensive list of predis-
posing, enabling and need factors associated with higher
rates of encounters. Finally, by establishing this large,
merged cohort of homeless adults, there are opportu-
nities for future research to examine how time-varying
individual-level characteristics affect healthcare utilisa-
tion among people experiencing homelessness, who can
be a challenging group to follow over time.

There are also some anticipated challenges in
combining the AH/CS and HHiT cohorts, as they are two
distinct studies with different measurements and time-
lines. First, it is necessary to restructure the data to align
data collection periods and survey questions. The index
date will be based on study enrolment and healthcare
utilisation will be examined on an annual basis starting
at index date. Further, some variables with differing time
periods will need to be integrated (eg, criminal behaviour
and victimisation in the past 6-12 months).

Second, only participants who consented to linkage
and provided a health card can be linked to administra-
tive data. Therefore, participants without a valid health
card number (eg, recent immigrants or refugees) or indi-
viduals who did not consent to linkage will be excluded.
Out-of-province encounters will not be captured either;
however, this is likely to be minimal as study participants
were contacted annually at minimum from an Ontario
location.

Third, mental illness was measured with a diagnostic
interview only among AH/CS participants, so to ensure
consistency, administrative codes will be used to classify
mental illness for both studies. This method cannot iden-
tify individuals with a mental illness who did not access
health services, and individuals who use services regu-
larly are more likely to be identified as having a mental
illness (ie, ascertainment bias). To explore the extent of
misclassification among AH/CS participants, the admin-
istrative data diagnosis can be compared with the Mini-
International Neuropsychiatric Interview diagnostic
interview.

Fourth, it is best practice to validate risk prediction
models in an external sample; however, this is not feasible
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due to barriers accessing out-of-province data. Instead,
bootstrapped validation will be used to validate the model
as a superior technique to split sample methods.*”* There
is potential for future external validation using HHiT and
AH/CS data from Vancouver, British Colombia.

Implications

The risk prediction models will be useful in conjunction
with other general population-based models to improve
resource planning. By comprehensively examining the
factors associated with healthcare utilisation (objectives
1 and 2) and identifying the individuals who will become
high-cost users (objective 3), this collective work can
inform targeted healthcare-driven housing and support
interventions for people experiencing homelessness
which may improve health outcomes and reduce avoid-
able acute service use downstream.

Ethics and dissemination

This research links deidentified survey data from AH/CS
and HHIT to administrative data at ICES, a prescribed
entity under the Personal Health Information Act. ICES
has rigorous security and privacy practices in place to
protect healthcare data. The Unity Health Toronto
Research Ethics Board (previously the St Michael’s
Hospital Research Ethics Board) approved data linkage of
the AH/CS and HHiT survey to administrative databases
at ICES. Additional approval was received from the Unity
Health Toronto Research Ethics Board to combine the
AH/CS and HHiT studies linked to administrative health
records. The proposed work will be disseminated through
publication in peer-reviewed journals, and presentations
at conferences that invite researchers, healthcare profes-
sionals and people with lived experience. These findings
will also be shared in monthly newsletters for healthcare
providers and on public platforms to reach the general
public.
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