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Main goal: Develop a cohort of patients experiencing homelessness 
(PEH) who have engaged with VCH services. Sustainable internal cohort 
development using local health system data.
Other goals: Characterize the cohort: sociodemographics, health outcomes, 
episodes of homelessness (chronic, temporary, cyclical).

Background and goals
Homelessness is an 
ongoing and growing 
public health issue. People 
experiencing 
homelessness (PEH) face 
significant inequities and 
poor health outcomes.



Why should we care?
PEH typically access health and emergency services far more than 
housed-individuals.  

Characterizing the cohort enables 3 rights: the right preventative 
measure, to the right patient, at the right time and place.



Data set Data included

[1] Cerner EMR – 

latest address

• Latest address (as of April 2025) of clients in Cerner EMR 

• 1,880,317 patients with 1,880,586 addresses

[2] Paris/Profile – 

address history

• Client address history in PARIS/Profile EMR

• 863,610 patients with 1,168,774 addresses

• Addresses added to system from 2002-2023

[3] Discharge 

Abstract 

Database 

• Discharge records (2008-2025) for clients whose discharge diagnosis included 

ICD-10 code Z59

• 14,381 patients with 28,995 discharges with Z59 code

[4] Cerner EMR – 

emergency visit 

history

• Visits (2007-2025) in ED or UPCC for a filtered  set of clients (presence of any 

is_homeless flag, at least 2 addresses in row 2, or Z59 discharge in row 3).

• 614,763 patients, 3,797,339 visits

[5] Patient 

demographics

• 3,169,996 patients year of birth and gender on 2025-04



Methodology
1. For each patient, turn their administrative healthcare data into 

intelligent features, clinically-motivated quantities predictive of 
homelessness.

2. Use patient’s features as input to machine learning models that 
classify patient’s as 1 = experienced homelessness or 0 = not.

3. Interpret and validate.



Intelligent features
Recall key data sets:
1. ED visit history.  Only postal code at visit (no address) 
2. Community health address history.
3. Demographic data.
Case study of patients in all 3 sets.

Feature categories:
1. Counts and time
2. ED visit postal code features
3. Demographic and housing features



The preflagged cohort of PEH
VCH already has methods of indicating homelessness:
• Discharged with Z59.0 ICD10 code
• Address = No Fixed Address
• Address of shelter
• ED visit postal code = facility postal code 

[not in preflag]
• + more
These will be model labels.

Define the preflagged cohort of patients who have ever experienced.



Bonus: active learning quiz

1. Match each 
feature to each 
equation.

2. Determine top 5 
most important 
features.  A for top, 
B for 2nd, … E for 5th 



Active learning

Atkinson-
Shiffrin’s Multi-
Store Model, 
image adapted 
by Anna Stokke

“Learning is a 
change in long-
term memory” 
– Kirschner, 
Sweller, Clark



# visits and 
addresses

Observations:
• Preflagged cohort 

have more ED visits 
and addresses in 
Paris/Profile than 
non-preflagged 
cohort

Counts and times



• For patients with at least 2 visits:
  x = time in system = time from first ED visit to most recent visit

• Boundary condition: if 1 visit, x = 0
• Hypothesis: in preflagged, there should be more people in < 7-years buckets
• Lucie Richard (https://www.cmajopen.ca/content/11/6/E1188)  commented on their 

homelessness definition using period of 180 days: ~“longer period of time gives 
higher chance patient interacts with healthcare system: short time means patient 
might not have interacted with healthcare system”

Time in 
system

https://www.cmajopen.ca/content/11/6/E1188


Mean time 
between visits = x

• Boundary condition: if 1 visit, 
x = ∞ ≈ 18 years

Visits / year
• This feature not predictive 

of homelessness 



Well-formed postal 
codes: V#L-#L#

• -4: invalid
• -1: not provided
• nan: not a number

Any thoughts how to 
handle various 
malformed codes?

ED postal code 
proportions



Visit-to-visit consistency

• Time-weighted: change after long time is 
“less unstable” than change after short time

• Proportion of well-formed postal codes 
during a subsequent visit that is consistent 
with previous visit. 

• Eg:
• [A, A, B, C, B, B]. 

Consistent: #1-2, #5-6.  
Inconsistent: #2-3, #3-4, #4-5
Consistency: 2/5



Additional intelligent features
• Consistency between postal 

codes from ED visits with postal 
codes from community health 
records

• Patient has an address that is on 
VCH’s Priority and non-market 
housing list

• Gender numeric:
→ 0, → 1, else → 0.5

• Patient’s mean age at ED visit





Training machine learning (ML) models

• Supervised ML model
• Semi-supervised ML model
• Validation / results / interpretation



Supervised ML problem steps
• Patient subset: at least 1 address, 1 ED visit, demographics: 333,548 patients

• Use data to compute patient’s intelligent features.  Normalize with log transform.

• Train ML models: Logistic Regression, Naïve Baye’s, Random Forest

• 90% of data used for train/test (5-fold cross-validation); 10% for validation.

• Labels: 19,690 preflagged PEH (~6%)
Supervised: assume non-preflagged have never experienced homelessness.

• Positive-unlabelled: preflagged are true, but non-preflagged are assumed unknown

• Results: average across cross-validation



Data normalization 
Normalize the data. There are two types of intelligent features: counts / time and 
proportions / others.
• Counts / time: log transform. we add 1, then take the logarithm (adding 1 

ensures our features with“0” don’t become negative infinity when applying the 
logarithm); then we divide by the largest value so features are in the range 0 to 1. 

• Scikit helper functions:
• Log1p(x) = log(x+1)
• MinMaxScaler()

• Reference: https://pmc.ncbi.nlm.nih.gov/articles/PMC9036143/

• Proportions/others: not normalized at all.



Semi-supervised machine learning 
• Positive-Unlabeled learn allows non-preflagged patients to be PEH
• Requires as input an ML model
• Allows model confidence (confident threshold: 0.9 for 1, 0.1 for 0)

Preflagged PEH = 1 Not preflagged PEH  ≈ 0

Train
80%

Truth: 15,000
PU learn result:
• 70.5% are 1
• 1.5% are 0
• 28.0% unsure

Unlabeled: 252,000
PU learn result:
• 7.7% are 1
• 27.4% are 0
• 64.9% unsure

Test
20%

Truth: 4,000
PU learn result:
• 69.5% are 1
• 1.7% are 0
• 28.8% unsure

Unlabeled: 63,000
PU learn result:
• 7.6% are 1
• 27.7% are 0
• 64.7% unsure

Total 19,000 315,000



Logistic regression and 
feature importance
• Magnitude of logistic 

regression coefficients yield 
feature importance

• + => predictive of 1
- => predictive of 0

• Pro: highly interpretable, simple
• Con: misses feature interactions
Eg: classifying sick elderly patients as PEH

Solution: use Random Forest.



• We tune parameters:
• Depth, max number of splits
• Minimum sample leaves  

One strategy: select 
parameters to optimize 
favourite metric[s].
• Accuracy on preflag 

(sensitivity)
• Small postflag cohort, 

hopefully high accuracy



Small postflag cohort:
Depth 10: min leaves 20
Min leaves 10: depth 30
Min leaves 20: depth 25

One strategy: select 
parameters to optimize 
favourite metric[s].
• Accuracy on preflag 

sensitivity
• Small postflag cohort 

PF_all, hopefully high 
accuracy



Address analysis and address features
Simple address features:
• No. patients with this address
• No. and % of preflagged 

patients
• No and % of postflagged 

patients
More complex:
• Score addresses based on it’s 

resident’s ML scores
• If few residents, smooth by 

padding with 0.5



Address housing-precariousness score:
from a distribution to a single number









Gender 
analysis

Demographics data set: 
• Female: 51.90% 
• Male: 47.65% 
• Other: 0.45%



Training models to reduce gender bias

Observe:
• Models are biased male PEH

• >2x more male PEH than female PEH

Solution:
• Define TransNB = X or Transgender 
• Train models on Female, Male, 

TransNB, and everyone
• Best: if female, use model trained 

only on female.  Else, use model 
trained on everyone.



Logistic regression 
coefficients:

Notice:
• Male PEH often older
• Female PEH typically have more addresses



Time series 
• Temporal model of homelessness: 

rather than predicting if ever 
experienced homelessness, predict 
at specific points in time

Bonus 
math 
model



Learning health 
system

I believe that healthcare systems can 
benefit from people with strong 
quantitative background
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