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Abstract

The use of homeless shelters is dynamic. On any given day, some of those occupying
a shelter bed are staying in shelter for the first time, others are returning to shelter after
time away, and still others are staying in shelter for the last time. Deriving a method
for measuring the number of people leaving the shelter system for the last time is an
essential step in understanding the reasons for those exits. Any approach for
identifying permanent exits from a shelter system must face the challenge of right
censoring, the fact that observations of permanent exits may occur after the end of
one’s data set. This paper describes an approach for addressing the problem of right
censoring and uses it to measure permanent exits from Toronto homeless shelters.
Keywords

Homelessness, permanent exits, shelters

Introduction

Beginning with the work of Kuhn and Culhane (1998), empirical studies have
regularly shown that most people making use of emergency homeless shelters do so
infrequently and for short periods.! Thus, people experiencing sheltered homelessness
today may not have been the same people experiencing it last week and may not be the
same people who will experience sheltered homelessness next week. A large body of
literature also reports that movements between alternative states of homelessness
(sheltered, unsheltered, and precariously housed) and housing are sensitive to external

! Canadian studies include Aubry, et al. (2013) and Jadidzadeh and Kneebone (2023).
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factors such as weather and climate conditions, the state of the labour and housing
markets, and the availability and generosity of social supports.?2 All of this evidence
suggests a dynamic process wherein people move between different states of
homelessness and periods of being housed.

The dynamic nature of homelessness is important to recognize because policy efforts
to address homelessness are aimed either at speeding the transition from homelessness
back into housing or at minimizing the risk of transition into homelessness from stable
housing. Housing First programs are examples of the former type of policy response,
while rent-geared-to-income programs and shelter diversion efforts are examples of the
latter. Measuring the effectiveness of these programs is challenging in the absence of data
on the shelter inflows and outflows they are meant to influence.

A limited literature, building on the work of Culhane et al. (1994) and applied to data
on homeless shelter stays by adults in Philadelphia and New York, has presented
measures of the inflow of people new to sheltered homelessness. Studies measuring new
inflows must deal with the problem of left censoring, that is, the fact that one’s first
admission to a homeless shelter might have occurred prior to the beginning of the data
set, separating incident (new) shelter users from prevalent (existing) shelter users.
Solutions to this problem have typically involved ad hoc assumptions about what is a
reasonable length of time to observe someone before concluding their entry to shelter is
their first. Kuhn and Culhane (1998) assumed two years were enough time and so left
truncate their data by two years. Chen et al. (2022) use data drawn from 37 communities
from across Canada to derive estimates of new admissions to shelters. Their data set is
long enough that they can define a new entrant to homeless shelter use as someone not
observed in data during the previous five years. Jadidzadeh et al. (2024) use data from
Calgary’s shelter system and assume not observing an individual using a shelter during
the previous 12 months is sufficient to identify them as a new admission to the shelter
system. However, they test this assumption using data available from a less reliable data
set and found left truncating by up to four years did not have an appreciable effect on
estimates of new shelter admissions. When authors cite Kuhn and Culhane (1998) as
justification for a two-year left censor (e.g., Messier et al. 2022), the motivation for that
length of time is, seemingly, precedent. In all these cases, the problem of left censoring
has been solved by making largely arbitrary choices.

Right censoring, the issue of how much time to observe a person before concluding
they have left homelessness, is not always deemed to require the same amount of time as
left censoring. For example, in Kuhn and Culhane (1998), three years of time is allowed
to pass before concluding someone has permanently exited homelessness. Studies
following Kuhn and Culhane’s guidance on left-censoring could deviate for right-
censoring, such as opting for symmetric two-year censoring on each side of shelter use
data (e.g., Messier et al. 2022). In the United States, the Department of Housing and Urban

2 Hanratty (2017) provides a comprehensive review of the sensitivity of shelter use to economic and climatic conditions. Kneebone
and Wilkins (2021) use a cross-section of Canadian data to produce measures of the sensitivity to rents and incomes of movements of
people between sheltered and unsheltered homelessness. Using data from Calgary, Jadidzadeh and Kneebone (2015) provide
estimates of weather-induced movements of people between shelters and rough sleeping.

22 | International Journal on Homelessness: https:/ /ijoh.ca



Jadidzadeh et al.: Measuring Permanent Exits from Homeless Emergency Shelters

Development tracks outcomes for program participants for up to two years; two years
has been identified as a traditional measure rather than an adequate indicator for exiting
homelessness, and Tsai and Byrne (2023) call for a data-driven approach to replace these
arbitrary time frames. This is a different problem than the issue of defining an “episode”
of homelessness, for which there is no established scientific definition, and has been
notably critiqued by McAllister et al. (2011).

In this paper, we provide measures of the outflow of people from homeless shelters.
In this, we face a similar challenge as the studies cited above, namely, the problem of
right censoring, where an exit from shelter may occur after the end of one’s data set.
Rather than rely on an ad hoc assumption regarding the length of time that is required to
observe someone before concluding their last use of shelter represents a permanent exit,
we present an empirical strategy for making this determination. We apply that strategy
to daily data describing the number of people staying in the Toronto shelter system over
the period March 1, 2010, to May 31, 2023. We understand that our derivation of a
measure of shelter outflows and our development of an empirical strategy for addressing
the problem of censoring are unique.

In the next section, we describe the data we use to measure shelter outflows and
provide definitions of key terms. We then describe the problem of censoring in more
detail after which we describe and implement our empirical strategy. A presentation of
our measure of shelter outflows is followed by a short discussion.

The Data and Definitions

The data used in this study was provided to us by the Shelter, Support and Housing
Administration (SSHA) division at the City of Toronto. In 2010, SSHA implemented the
Shelter Management Information System (SMIS); a web-based information and bed
management platform that supports oversight and management of Toronto’s shelter
system. The SMIS is used by all emergency shelters in the system. SMIS holds client-level
data on intakes, admissions, and discharges, and basic demographics. All individuals
who have accessed the shelter system since the implementation of SMIS are assigned a
unique client identification number that enables unduplicated tracking over time and
across the system. Data drawn from the SMIS is what is used in this paper. Daily data
entries enable us to trace the movements of de-identified individuals as they move into
and out of the shelter system. The complete dataset made available to us describes the
daily use of emergency shelters by 89,479 unique individuals from March 1, 2010, to May
31, 2023. Over this period, these shelter users collectively occupied almost 18.5 million
bed-nights (N=18,497,878). We created a time series, aggregated monthly, spanning from
March 2010 to May 2023, resulting in 159 monthly observations.3

The total number of uniquely identified individuals using the shelter system at any
given time is determined by inflows and outflows. On a daily basis, there can be high
volatility, but we are most interested in permanent exits, or a person’s last stay at an
emergency shelter. Regularly, individuals will leave the shelter system and return, so

3 The data is sufficiently rich that we can distinguish how shelter flows differ according to age, sex, and refugee status. We do not
investigate how the length of censoring varies by these characteristics.
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their exit is eventually determined to have been temporary. At any time, there will be
permanent exits and temporary exits from emergency shelters, the sum of which is the
naive concept “exits”. The number of users of the shelter system grows if new admissions
outpace permanent exits.* A new admission occurs when an individual enters the shelter
system for the first time.

The Problem

All longitudinal datasets have an end date, and it is typical to arbitrarily denote a date
prior to the end of the dataset, after which no observations will be used for determining
new admissions or permanent exits, in other words, truncating the data into a useable
portion and a remainder, sometimes called “washout” in other disciplines. In our case,
we cannot determine with certainty whether the last observation of shelter use by a
uniquely identified person in our data set is, in fact, a permanent exit from the shelter
system if it occurs close to the end date of the dataset. The solution is to truncate the data
set to the extent necessary to ensure the last observation of shelter use by each uniquely
identified person in what remains of the data set can be reliably identified as a permanent
exit.

The longer the period of truncation (the greater the washout), the greater is the
accuracy of identifying whether the last observation of shelter use in the remaining
sample is a permanent exit. However, this gain in certainty comes at a price. The greater
the amount by which one truncates the data set, the smaller is the remaining sample and
the lower the power of any hypothesis tests using that sample. In jurisdictions with
shorter data sets or smaller populations, this becomes highly relevant and can have
resource planning implications.

Our goal is to solve this trade-off problem by determining the appropriate amount of
truncation required to accurately distinguish permanent from temporary exits. Our
approach is to progressively restrict the length of our time series to observe how this
affects deviation of the estimate of permanent exits from our “gold standard” estimate.
Our specific objective is to determine the amount of truncation that minimizes the error
in identifying an observation as being a permanent exit while balancing the need to
maintain a data set on permanent exits sufficiently large to enable effective hypothesis
testing on the reasons for permanent exits.

The Approach: Iterative Deletion

We begin with all the data available to us (13.25 years or 159 months) and observe, for
each month in our sample, the number of uniquely identified individuals whose stay in
shelter during that month was followed by no further shelter stays. We refer to these as
the baseline estimates of permanent exits.

Baseline estimates of permanent exits occurring early in our full sample of 159 months
are likely true permanent exits. These are individuals who were not observed to stay in

4 We cannot determine where shelter inflows are originating from. We can only say that shelter inflows and outflows have their
counterpart in unobserved movements between shelter use and other living arrangements. These other living arrangements may
include housing but may also include either unsheltered homelessness (sometime referred to as rough sleeping) or provisional
housing (sometimes referred to as couch surfing).
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shelter over the next 158 months (over 13 years). Baseline estimates of permanent exits
occurring later in our sample, particularly those near the end of the sample, likely include
temporary exits, and we have an insufficient window to differentiate them from
permanent exits. In the last year of our sample, for example, the baseline estimate of
purported cases of permanent exits are identified as such based on only a few remaining
months of observation. This means that the prevalence of temporary exits as a share of
total exits is higher as we get closer to the end of the dataset, which is the problem for all
time series.

Suppose we shorten our dataset by one month, i.e., we delete month number 159. That
is one fewer month that persons can reveal themselves as having returned to shelter. We
refer to these as opportunity months. Thus, by deletion, we reduce the number of
opportunity months and so create the possibility of removing an observation of a shelter
stay. In this way, we may cause a shelter stay recorded earlier in the sample for that
person to now be defined as a permanent exit. We could recalculate the number of
permanent exits in each month, again, and compare those to our baseline estimates, with
any difference indicating the measurement error introduced by deleting the last month
of our data.

Our approach is to calculate, for each month in our sample, the number of permanent
exits as we delete final months of our dataset, one at a time, up to 24 months, and keep
track of the deviations.? This will produce, for each month in the sample, 24 estimates of
the number of permanent exits and a baseline estimate. In a way we describe below, we
then test whether these 24 estimates are significantly different from the baseline estimate.
If deletion results in a statistically significant change in the number of permanent exits,
we conclude that the number of opportunity months associated with the last month
without deviation from baseline is our preferred measure of the number of months we
can truncate the data set.

Figure 1 presents the number of estimated permanent exits in each month as we
progressively delete the end of our data set by 1 to 24 months. To clarify, the first data
point on the horizontal axis represents an estimate of the number of permanent exits in
month 1 of our sample, March 2010. In that month, the baseline estimate of the number
of purported permanent exits is based on observations made over the remaining 158
opportunity months of the sample. As we delete months, we produce new estimates of
the number of permanent exits, one associated with each newly shortened data set and a
smaller number of opportunity months. Thus, for March 2010, there are 24 values plotted
representing the number of purported permanent exits occurring in that month, one for
each sample size of remaining opportunity months, from 135 to 159 months. As expected,
the estimate of the number of permanent exits in that month, ranging from 344 to 349
exits, shows minimal variation.

Figure 1.

5 The decision to delete the sample by 1 to 24 months is arbitrary. The goal is only to produce a large number of alternative values of
permanent exits for each month in the sample. As we report below, the choice does not impact our conclusions.

22 | International Journal on Homelessness: https:/ /ijoh.ca



Jadidzadeh et al.: Measuring Permanent Exits from Homeless Emergency Shelters

Estimated Range of the Number of Permanent Exits to 1-24 Months of Data Deletion
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In a similar way, we produce, for all 159 months in our sample, 24 estimates of the
number of permanent exits observed in that month. As we approach the end of our
dataset, variation in the estimates of the number of permanent exits increases. For
instance, in March 2021, there were initially 26 opportunity months (to the end of May
2023) to observe whether individuals exiting shelters in that month would return. For
every month we delete from the data set, the number of apparent permanent exits in
March 2021 potentially increases as the number of opportunity months falls.
Consequently, the range in estimates of permanent exits is higher in this month as
temporary exits are misclassified as permanent. The 24 values range from 597
(representing the baseline value for that month) to 908 (representing the estimate
returned by deleting 24 opportunity months).

The data presented in Figure 1 illustrate how the need to right-truncate the data to
calculate estimates of permanent exits creates a trade-off between producing more
accurate estimates of permanent exits and having a data set sufficiently large that one can
perform hypothesis tests on, for example, the causes of permanent exits from shelters.
The issue we investigate next is how we might understand what the preferred trade-off
is.

Testing for Differences in the Exit Ratio due to Deletion

When we delete months from the data set, the purported number of permanent exits
either remains the same or increases each month, but the overall number of stays remains
the same. For each of our 24 samples, we calculate an exit ratio defined as the number of
permanent exits relative to the overall number of stays. Thus, for each month, there will
be 24 values of the exit ratio. Figure 2 shows how the range of values in the monthly exit
ratio changes with deletion. It exhibits a similar pattern to what we observe in Figure 1.
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Figure 2.
Estimated Range of the Exit Ratios (%) to 1-24 Months of Data Deletion
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Our strategy is to assess whether the estimated exit ratios differ significantly from the
baseline exit ratio, defined as the initial exit ratio prior to any truncation. Our goal is to
identify how many deleted months are required to produce an exit ratio that is
significantly different from the baseline estimate.

To conduct these tests, we employ a z-test, a method for examining the equality of
proportions using large-sample statistics. In our analysis, we make use of ‘prtesti’ in Stata
14.2 to calculate the z-statistics. We conducted a total of 3,492 z-tests to examine the null
hypothesis that each estimated exit ratio is the same as baseline.

Result of z-Tests

The outcomes of the 3,492 z-tests are summarized in
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Figure 3. Blue dots in the figure represent cases where we cannot reject the two-sided
null hypothesis at the 5 percent significance level, while red dots indicate instances where
the null hypothesis is rejected.
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Figure 3.

The Difference in Exit Ratios (%) Relative to the Baseline Exit Ratio for Data Deletion Ranging
from 1-24 Months
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Note: Blue dots represent cases where we cannot reject the two-sided null hypothesis at the 5
percent significance level, while the red dots indicate the rejection of the null hypothesis.

The first red dot, indicating a rejection of the null hypothesis, appears in December
2018. This is the first instance of truncation of the sample on the right causing a
statistically significant change in the baseline value of the exit ratio. After December 2018,
however, there are two months when exit ratios are not statistically significantly different
from the baseline, even after truncating the sample by up to 24 months. Not until
February 2019 is it the case that in every month thereafter, there are one or more tests
showing statistically significant changes from the exit ratio. In February 2019, shelter
users had 52 opportunity months available to reveal whether their last observed exit from
shelter is permanent. Our results indicate that the number of opportunity months could
be reduced by 24 months - leaving just 28 opportunity months - without causing a
statistically significant change in the exit ratio from its baseline value.

The implication of our result is that to deal with the problem of right censoring in
measuring permanent exits from shelters, our sample can be truncated to leave a
minimum of 28 opportunity months without causing exit ratios to differ from their
baseline value by a statistically significant amount. This means that the last month in our
sample for which the baseline estimate of the exit ratio is not statistically affected by
truncation is January 2021.

Our data shows that the first instance of a statistically significant difference is at 30
opportunity months (December 2018). The very next month, January 2019, does not have
a statistically significant difference, nor does February 2019. Visually, these three months
appear very similar. For this reason, we recommend basing a decision rule on the first
statistically significant difference that is followed by an obvious (beyond statistical)
deviation from the true number of permanent exits. Consequently, 28 months is our
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recommended amount of time to determine a true exit. Based on our analysis, it is
justifiable to choose 30 months as a more cautious measure, and large datasets could
easily accommodate that rule.

We purposefully avoid adjusting the p-values on the Z-tests because we are not using
the p-values to search for a potential relationship among seemingly random variables.
Instead, we are using it to determine when truncation results in a number unreasonably
distant from the true value. We define the notion of “unreasonably distant” as that of
statistical significance, but we could have chosen any benchmark. In this sense, we follow
the guidance of Rothman (1990) on not adjusting our p-values.

Our exercise has been conditioned on an arbitrary decision to test for statistically
significant differences in the exit ratio observed in a month against 24 alternatives, each
representing a different truncation of the data set. We performed the same exercise
assuming 36 alternatives; our calculations from this exercise derive a very similar result.

Implications for the Individual-Level

Each month, some share of individuals are entering shelters for the first time or
leaving them for the last time. We aggregated these into the monthly observations for our
estimate of the smallest number of months we need to observe before our estimate of
permanent exits from a truncated dataset deviates from what we imagine is the gold
standard measure of permanent exits. The exit ratio itself is the proportion of individuals
who permanently leave in a given month, but system operators might want to know how
long an individual spends outside the shelter prior to returning.

To show this individual-level relationship, we estimate the likelihood of not returning
to shelter for individuals once they have left and express that by Kaplan-Meier curve
(Figure 4). This is the concept of “survival” in the Kaplan-Meier curve language; we
defined “failure” as returning to the shelter. Once an individual leaves the shelter, they
can either return (failure) or not (censored). Over 30% of individuals returned to shelter
after a potential exit within the first six months. This highlights how the notion of
permanent exit presents difficulties for system operators, as six months is a substantial
amount of time, and the large return rate they observe in that natural time period (“half
a year”) could imply six months is adequate for permanent exit definition.

However, Figure 4 shows that the decrease in the survival function continues until
approximately 28 months, at which point it flattens. The loss in the survival probability
from 10 months to 28 months is approximately equal to that from 28 months to 159
months. The confidence intervals are small due to our large sample size, and they are
indistinguishable from the line.

From the perspective of an individual outside the shelter system for 28 months, the
likelihood of returning to a shelter does not change much with additional months, so the
gain to researchers of observing these additional months is similarly low. Such a person

¢ Not until March 2018 is it the case that in every month thereafter there are one or more tests showing statistically significant changes
in the exit ratio from its baseline value. In March 2018, shelter users had 63 opportunity months. Our results show that truncating the
sample by up to 36 months, leaving 27 opportunity months to reveal whether they will return to shelter, is the minimum required to
ascertain whether their exit is indeed permanent.
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might be more vulnerable to homelessness than the average person, but they have cleared
the period of most likely return to shelter.

Figure 4.

Kaplan-Meier Curve Showing the Probability of Remaining Outside the Shelter System
(Survival) Over the Number of Months Since Exiting.
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Figure 5 illustrates the count of permanent exits using a 28 month right-truncation of
the data. The figure shows baseline estimates of permanent exits from March 2010 to
January 2021. A non-linear trend line is passed through these data. The number of
permanent exits observed in each month is equal to approximately 10% of the average
number of shelter stays each month. Thus, our calculations support conclusions cited in
the introduction that shelter use is a dynamic process wherein people move between
different states of homelessness and periods of being housed.
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Figure 5.

Number of Permanent Exits based on 28 Month Right-Truncation of Data (March 2010 - January
2021
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It is beyond the scope of this analysis to explain changes in the monthly average
number of permanent exits, but it is worth noting that these data raise interesting
questions and point to some underlying trends. For example, a noticeable upward trend
in average monthly permanent exits began in 2016 and continued to mid-2019. A period
of volatility followed, a period that preceded the onset of the coronavirus disease of 2019
(COVID-19) pandemic in early 2020 and continued during and after the effects of the
COVID-19 pandemic eased in the fall of 2021. A good deal of investigation needs to be
done to offer explanations for the long-term trend and the short-term volatility of these
data. Our goal here has only been to show how the data needed to evaluate these
explanations can be generated. One implication is that the ideal amount of time for
follow-up to judge an exit as permanent likely changes over time or place with macro-
economic factors like the housing market, employment, affordability, and the homeless-
serving sector’s programming,.

Additionally, the approach we have suggested for deriving estimates of permanent
exits from shelter is sensitive to shelter demographics and to the local conditions
impacting the ability to exit shelters. Thus, the size and trends in permanent exits, and
the number of months of right truncation required to accurately measure those exits, will
possibly vary by age, immigration status, ethnicity, and community.

The approach we have suggested for deriving estimates of permanent exits from
shelter can also be used to derive estimates of new admissions. Deriving estimates of new
admissions requires researchers deal with the problem of left censoring, i.e., truncating
their data at the beginning of the time series, sometimes called a “run-in” period. The
literature using calculations of new admissions has relied on ad hoc assumptions
regarding the appropriate length of truncation from the left. Using a consistent
methodology for determining new admissions and permanent exits would enable
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researchers to produce measures of net shelter flows. Most importantly, our approach for
producing gross inflows, gross outflows, and net inflows would facilitate empirical
investigations into the causes of each of these influences on the shelter census and
improve the accuracy of tests of the effectiveness of interventions designed to address
one flow or the other.
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