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ABSTRACT

Context: Housing is more than a physical structure—it has a profound impact on health. Enforcing housing codes is a
primary strategy for breaking the link between poor housing and poor health.
Objective: The objective of this study was to determine whether machine learning algorithms can identify properties with
housing code violations at a higher rate than inspector-informed prioritization. We also show how city data can be used to
describe the prevalence and location of housing-related health risks, which can inform public health policy and programs.
Setting: This study took place in Chelsea, Massachusetts, a demographically diverse, densely populated, low-income city
near Boston.
Design: Using data from 1611 proactively inspected properties, representative of the city’s housing stock, we developed
machine learning models to predict the probability that a given property would have (1) any housing code violation, (2) a set
of high-risk health violations, and (3) a specific violation with a high risk to health and safety (overcrowding). We generated
predicted probabilities of each outcome for all residential properties in the city (N = 5989).
Results: Housing code violations were present in 54% of inspected properties, 85% of which were classified as high-
risk health violations. We predict that if the city were to use integrated city data and machine learning to identify at-risk
properties, it could achieve a 1.8-fold increase in the number of inspections that identify code violations as compared with
current practices.
Conclusion: Given the strong connection between housing and health, reducing public health risk at more properties—
without the need for additional inspection resources—represents an opportunity for significant public health gains.
Integrated city data and machine learning can be used to describe the prevalence and location of housing-related health prob-
lems and make housing code enforcement more efficient, effective, and equitable in responding to public health threats.
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Housing is a powerful determinant of health,
affecting social relationships, environmen-
tal exposures, security, and a range of other

factors. Poor housing is associated with health out-
comes as far reaching as cardiovascular disease,
mental illness, and infectious disease.1-4 Amid stay-
at-home orders, such as during the 2020 COVID-19
pandemic, safe housing is even more critical. A nation-
wide study of the relationship between county-level
housing conditions and COVID-19 found that poor
housing (defined as overcrowding, rent >50% of in-
come, or incomplete kitchen or bathroom facilities)
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was independently associated with increased inci-
dence and mortality from COVID-19.5 A study in
Cincinnati found that the density of housing code
violations was associated with population-level mor-
bidity independent of poverty.6 Housing is much more
than a physical structure; it has a profound impact on
health.

Enforcing housing codes is a primary strategy for
breaking the link between poor housing and poor
health.7 Housing codes stipulate minimum health and
safety standards in rental housing. Many housing
codes originated in the Sanitary Reform Movement
of the late 1800s, when requirements for basic sani-
tation, ventilation, and other structural and hygienic
conditions led to dramatic reductions in infectious dis-
ease, fire, and injury.1,8 Modern housing inspection
has transformative potential for the health of house-
holds and neighborhoods, and high-quality evidence
shows the positive impact improving housing condi-
tions has on health.4,7 However, efforts to improve
inspectional practices have not been commensurate
with their critical importance.

Routine housing code enforcement falls short of
its potential to effectively, efficiently, and equitably
resolve housing-related health problems. It is not as
effective as it could be because inspections are of-
ten carried out in response to residents’ complaints
or proactively only in limited areas. However, ten-
ants may not report problems for fear of landlord
retaliation or may be unaware that they can file
complaints.9,10 As a result, cities are often not aware
of problems until they are severe, and many prob-
lems go undetected. Earlier intervention could lead to
improved public health.

Inspectional practice is also not as efficient as it
could be, because code enforcement often operates
within its own department, with little coordina-
tion of data and strategies across health and other
departments.11,12 Whether a city uses a complaint-
driven or a proactive approach, a lack of actionable
data makes it difficult to prioritize inspections based
on where limited time and resources will yield the
greatest public health impact to households and
neighborhoods. As a result, precious time and re-
sources may be wasted.

Finally, code enforcement is not as equitable as it
could be, because inspectors have broad professional
discretion in the prioritization of properties for in-
spection. Absence of formal criteria for determining
risk and need, lack of integrated data to inform that
process, and the fact that the most vulnerable resi-
dents are the least likely to file a complaint increase
the likelihood of unequal government protection.9

Given the central role of housing in health, even
marginally increasing the impact of housing code en-
forcement offers an opportunity for significant public

health gains. Investing in data analytics capabilities
can make code enforcement more effective, efficient,
and equitable in improving public health.13 Cities in-
creasingly have access to data that can be used to
identify and characterize housing-related health risks
and to prioritize properties for inspection and coordi-
nated service provision. These data may come from
police and fire departments, tax assessors’ offices,
utilities, and other sources.

Some cities already use predictive models to en-
sure that services and enforcement are delivered to
achieve health and social goals. Washington, District
of Columbia, delivers rat abatement services based on
predictive modeling of high-need areas, rather than re-
lying only on complaints.14 In Rochester, New York,
researchers used housing inspection data, alongside
other data sources, to describe its potential to inform
public health interventions.15 Other studies have used
machine learning and property-level data to predict
which homes are at a greatest risk for vacancy.16,17

These examples highlight how predictive analytics
can inform strategic action; however, the potential of
city data to identify and intervene in public health
problems remains underexplored.

Objective

The objective of this study was to determine whether
machine learning algorithms can outperform current
practices in Chelsea, Massachusetts, in identifying
properties with housing code violations that thresu-
aten health. We also demonstrate how integrated city
data and machine learning can be used to estimate
the prevalence and spatial distribution of housing-
related health risks. Using administrative city data,
we endeavored to predict—through machine learning
models—the probability a given property would have
the following: (1) any housing code violation; (2) a set
of high-risk public health violations; and (3) a specific
high-risk public health violation (overcrowding).

Methods

Setting

Chelsea, Massachusetts, is a small, densely populated
city located just outside Boston. The majority of resi-
dents are people of color (78%), and almost half are
foreign-born (46%).18 Per capita income is $23 240
per year, making Chelsea one of the poorest cities in
the state.18 Half of the housing stock is 2- to 4-family
homes, most built more than a century ago.19 Al-
most 70% of residents are renters.19 In spring 2020,
COVID-19 infection rates in Chelsea were 6 times the
state average.20
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Current practices

Motivated by poor-quality housing stock, low land-
lord compliance, and limited housing complaints,
Chelsea ran a grant-funded proactive inspection pro-
gram from August 2015 to July 2018 with the goal
of inspecting every rental property within a target
area (N = 1263 properties inspected).19,21 The target
area was selected to encompass census block groups
representative of Chelsea’s rental housing and where
a program existed to support low-income landlords
with repairs. Violations, when found, must be re-
solved within a set time frame or a fine is issued.
Chronic violations precipitate court action. We used
data from these 1263 properties to train our models.
The training data set is the best representation avail-
able of the underlying distribution of housing code
violations in Chelsea because all eligible properties
within the target area were inspected.

From July 2018 onward, the city continued proac-
tive inspections but no longer restricted inspections
to the target area. As of September 2019, in total 348
properties were inspected on the basis of inspector-
informed prioritization. These properties, not used
in model development, formed our testing data set.
Under what we refer to as “current practices,” inspec-
tors meet monthly to identify blocks for inspection
and track progress. Prioritization is based on inspec-
tors’ perception of the risks to residents (described
in the “Results” section). Properties inspected in the
last 5 years are not eligible for inspection. The testing
data set allows for comparison of the machine learn-
ing results with inspector-informed prioritization and
demonstrates the model performance when applied to
properties outside the target area. Supplemental Digi-
tal Content Table 1 (available at http://links.lww.com
/JPHMP/A766) compares properties in each data set.

Integrated city data

We worked with city staff across departments to iden-
tify and digitize administrative data sets linked to each
property. These included data on housing code vio-
lations, police and fire calls, home values, and other
variables (see Supplemental Digital Content Table 2,
available at http://links.lww.com/JPHMP/A767). In
partnership with Tolemi, a data analytics firm, and
its map-based application BuildingBlocks,22 we gener-
ated a data set consisting of each residential property
in Chelsea (N = 5989) and its associated data. The
change management and technical considerations as-
sociated with this process are previously published.23

Data cleaning

Eight of the 28 variables used in our model had miss-
ing values (1%-11% missing). We replaced missing

values with the median value for numeric variables
and with the most frequent occurrence in categorical
variables. Incident data before September 2004 and
after September 2019 were excluded.

Outcome variables

Our primary outcomes were (1) any housing code
violation, (2) a set of high-risk violations, and (3)
a specific high-risk violation (overcrowding). Certain
serious health and housing concerns, such as lead
or radon exposure, are not included in most of the
housing codes and not reflected in this data set.

The “any violation” outcome indicates whether a
property was issued 1 or more of 38 housing code
violations used in Chelsea.24 We selected any violation
as an outcome to compare current practices with a
risk-based approach using machine learning.

The “high-risk violation” outcome is a composite
of any of the following 4 violations: (1) lack of or
nonfunctioning smoke detectors or carbon monox-
ide alarms; (2) keyed locks on internal room doors,
an indicator of overcrowded conditions in Chelsea;
(3) infestations of insects, rodents, or skunks; and (4)
accumulation of garbage in living areas. We selected
high-risk violations as an outcome because not all vi-
olations represent a significant threat to public health
and cities may choose to prioritize identification of
higher-risk violations. Furthermore, the location and
prevalence of high-risk properties are relevant not
only for cities but also for other organizations that are
coordinating responses (eg, health systems, commu-
nity organizations). To select the high-risk violations,
we began with 12 violations identified through lit-
erature review as posing an elevated health risk.7,24

We then reviewed the list with inspectors in Chelsea
and narrowed the list to 4 based on the local def-
inition, occurrence, and severity. See Supplemental
Digital Content Table 3 (available at http://links.lww.
com/JPHMP/A768) for descriptions.

Finally, we selected a specific code violation from
the high-risk subset: keyed locks on internal room
doors. Keyed locks are placed when a home is sub-
divided into sublet rooms and is a strong indicator
of overcrowded conditions in Chelsea.25 We selected
a single violation type as an outcome to demonstrate
how integrated data and machine learning can predict
specific public health risks.

Data analysis

We optimized the models for a balance of sensitivity
(the proportion of properties that truly have a code
violation that are predicted to have a code violation)
and positive predictive value (PPV, the proportion
of properties predicted to have a code violation that

http://links.lww.com/JPHMP/A766
http://links.lww.com/JPHMP/A767
http://links.lww.com/JPHMP/A768
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actually do). These optimization choices were made
to (1) prioritize a subset of properties with the highest
probabilities of code violations for inspection and in-
tervention, and (2) identify as many properties in the
city with a violation as possible in order to estimate
the prevalence and location of housing-related health
threats.

Three machine learning algorithms were compared:
LASSO Logistic Regression, Random Forest, and Ex-
treme Gradient Boosting (XGBoost). The analysis
was written in Python, using the sklearn library for
running supervised learning models.26 We selected
the best performing model for each outcome based
on the average precision score (APS, a summary
of the sensitivity-PPV curve)27 using 5-fold cross-
validation to avoid overfitting. We report the test
characteristics—sensitivity, PPV, and accuracy—and
APS to describe the performance of each selected
model when applied to the testing data set.

Model predictions

We assigned the predicted probability of each of the
3 outcomes to every residential property and mapped
the probability range using Tableau.28 Approximately
600 proactive inspections can be conducted per year
in Chelsea. It is not possible for inspectors to in-
spect all properties predicted to have a code violation
within a single year. Therefore, when we compare cur-
rent practices with a risk-based approach, we use the
threshold associated with the top-ranked 600th prop-
erty in the city to generate a list of the 600 riskiest
properties for each outcome. Finally, we compare fea-
tures of properties predicted to have each outcome
with properties not predicted to have each outcome
using 2-sample t test for differences in group means.

Interviews with inspectors

To describe current practices, we conducted
semistructured interviews with 2 (of 4) inspectors
in Chelsea, both of whom decide how inspections
are prioritized. This study was deemed exempt by
the Harvard University Institutional Review Board
(IRB00060687).

Results

More than half of inspected properties had at least
one housing code violation (54% when combining the
testing and training data sets), most of which were
high risk to public health (Table 1). Overcrowding
was identified in more than a quarter of properties.

TABLE 1
Proportion of Properties With Observed Housing Code
Violations in Testing and Training Data Sets

Outcomea

Code Enforcement
Practice From 2015
to 2018 (n = 1263),
Training Data Set

Current Code
Enforcement

Practice (n = 348),
Testing Data Set

Any violation 56% 45%
High-risk violation 47% 40%

No smoke
detectors

33% 29%

Infestation 18% 20%
Garbage in living

areas
11% 12%

Overcrowdingb 30% 27%
aOutcome variables are in bold.
bThe high-risk violation also comprised the overcrowding violation (represented by
keyed locks on internal room doors).

Test characteristics

For each outcome, the best performing model was as
follows: the Random Forest model predicted any vi-
olations with a sensitivity of 0.77, PPV of 0.59, and
accuracy of 0.66; the XGBoost model predicted high-
risk violations with a sensitivity of 0.41, PPV of 0.55,
and accuracy of 0.63; and the XGBoost model pre-
dicted overcrowding with a sensitivity of 0.09, PPV
of 0.62, and accuracy of 0.74. Figure 1 shows the
trade-offs in sensitivity and PPV for different thresh-
olds and the test characteristics associated with the
default positivity threshold of 0.5.

Distribution and prevalence of predicted housing
code violations

Maps of the estimated probabilities for each out-
come reveal their spatial distribution and prevalence
(Figure 2). A large portion of the city is predicted
to have any code violation and high-risk violations.
Predicted overcrowding is concentrated in a smaller
section.

Features of properties associated with housing code
violations

Properties predicted to have any of the 3 outcomes
were significantly more likely to be older, have larger
building size to land size ratios (indicator of hous-
ing density), and have more municipal violations (for
infractions such as overgrown vegetation or uncon-
tained trash), compared with properties predicted to
not have the outcomes (P < .001 for all) (Table 2). See
Supplemental Digital Content Table 4 (available at
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FIGURE 1 Tradeoffs in Sensitivity and PPV (Top) and Test Characteristics (Bottom) for Best Performing Models for Each Outcomea

Abbreviation: PPV, positive predictive value.
aSee Supplemental Material Figure 1 (available at http://links.lww.com/JPHMP/A770) for the relative importance of the top 20 variables for each model.

http://links.lww.com/JPHMP/A769) for comparison
across additional variables.

In interviews, housing inspectors described the most
important features in identifying a property with

housing code violations as (1) deteriorating condi-
tions observed from the outside, and (2) calls from the
police or fire department reporting suspected viola-
tions. They stated that for most properties there is no

FIGURE 2 Spatial Distribution and Prevalence of Predicted Housing Code Violations in Chelsea, Massachusettsa

aEach circle represents a property and its color represents the predicted probability for each outcome. When the predicted probability is 50% or greater,
properties are categorized as positive for the outcome. Circles are enlarged to protect privacy. Areas without color contain no rental properties.

http://links.lww.com/JPHMP/A770
http://links.lww.com/JPHMP/A769
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TABLE 2
Differences in Properties Where Outcome Is Predicted to Be Present Versus Absent

Any Violation, High-Risk Violation, Overcrowding,
Mean (SD) Mean (SD) Mean (SD)

Year built (year) Present: 1912 (25)
Absent: 1935 (41)

Pa < .001

Present: 1913 (24)
Absent: 1932 (40)

P < .001

Present: 1912 (15)
Absent: 1929 (39)

P < .001
Ratio of building size to

land sizeb
Present: 1.5 (0.9)
Absent: 0.6 (0.9)

P < .001

Present: 1.7 (0.9)
Absent: 0.7 (0.9)

P < .001

Present: 2.2 (0.8)
Absent: 0.9 (1.0)

P < .001
Municipal violation (count) Present: 8.9 (11.4)

Absent: 3.5 (8.5)
P < .001

Present: 11.1 (15.5)
Absent: 3.8 (7.3)

P < .001

Present: 15.5 (18.1)
Absent: 4.9 (9.4)

P < .001
aThe P values are calculated using a 2-sample t test for difference in group means.
bThe city of Chelsea has a goal that ratios of land-to-building size be 1 or less to reduce high-density housing and increase green space.

clear indication a violation will be present until an in-
ternal inspection is completed. As one inspector said,
“You can have two obviously run-down properties on
a street of nice homes, but you have to inspect the
whole street. You’d be surprised how many of those
nice homes have violations.”

Prioritizing the inspection of properties with housing
code violations
When applied to the entire city, our model for any vi-
olation predicts 2015 properties as having violations.
If the city inspected the 600 properties (yearly capac-
ity) with the highest probabilities of a violation, we
would expect 81% to have a violation based on the
model. Under current practices, 45% of inspections
identify a violation. Risk-based inspection would rep-
resent a 1.8-fold increase in the number of inspections
that identify code violations compared with current
practices.

The same trend is observed for high-risk and over-
crowding violations but with smaller increases in PPV
(Table 3). Since it is unlikely a city would devote all
inspections to identify a subset or single code viola-
tion, a shorter list (eg, the 100-300 highest probability

properties) could be generated for these outcomes,
which would also yield a higher PPV.

Discussion

Our results demonstrate how integrated city data and
machine learning can (1) outperform current prac-
tices in identifying properties with code violations that
threaten health, and (2) estimate the prevalence and
spatial distribution of housing-related health risks.

Housing code violations in Chelsea are common,
and most (85%) represent a high risk to public health.
Housing codes stipulate only minimum standards for
habitability; the fact that more than half of inspected
properties do not meet minimum standards reveals
the tip of an iceberg of housing-related health risks.
Identifying and responding to housing code violations
are critical public health interventions, and doing so
in the most effective, efficient, and equitable manner
can improve quality of life of residents and the com-
munity.

Risk-based inspection can identify at-risk proper-
ties at a higher rate than current practices, allowing
intervention at a greater number of properties with-
out the need for additional inspection resources. The

TABLE 3
Comparing Proportion of 600 Property Inspections That Result in Code Violations: Current Practices Versus Risk-Based
Inspection

Outcome
Current Practices,

Observed % (n)

Risk-Based Inspection of
Top-Ranked 600 Properties,

Predicteda % (n)

X-Fold Increase in
Properties With Code
Violations Identified

Any violation 45% (270) 81% (486) 1.8
High-risk violation 40% (240) 60% (360) 1.5
Overcrowding 27% (162) 44% (264) 1.6
aSensitivity: any violation, 16%; high-risk violation, 24%; overcrowding, 37%.
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goal of proactive inspection is prevention of violations
and mitigation of risk where violations are found.
Risk-based inspection prioritizes prevention and re-
mediation efforts at the properties where inspection is
estimated to have the greatest preventive or remedial
effect. For example, smoke detector installation can
reduce loss of life and livelihood from fire.29 Insect
extermination can reduce asthma-related emergency
department visits.30 Risk-based inspection priori-
tizes properties—and residents occupying them—with
the greatest likelihood of need, which also pro-
motes equity without compromising efficiency and
effectiveness.

In this study, we predict that if the city were to use
integrated city data and machine learning to identify
at-risk properties, it could achieve a 1.8-fold increase
in the number of inspections that identify code vi-
olations, as compared with current practices. One
reason the models may outperform current practices
is that housing inspection in Chelsea primarily tar-
gets blocks, not individual properties. Blocks include
a mix of high- and low-risk properties. As inspectors
stated, it is often impossible to determine which prop-
erties have violations based on outside appearance or
complaints alone; therefore, they find the block-based
approach practical. The block-based approach is not
done for efficiency but for ease in tracking progress.
The city is small (<2.5 square miles), and inspec-
tors must contact landlords to schedule inspections.
Inspection of a block area takes weeks to months,
completed over many visits. A data-driven, risk-based
inspection model, on the contrary, identifies specific
at-risk properties anywhere in the city and targets
the properties where code enforcement is likely to
make the greatest difference. The models incorpo-
rate more factors into the risk calculation, allowing
for detection of patterns that may not otherwise be
observable.

There are few studies to compare our models with
that use machine learning and city data to predict
housing characteristics. One study in Cleveland used
city data to predict housing vacancy. Using an XG-
Boost model, the authors obtained a sensitivity of
42% and a PPV of 77%; with a Random Forest
model, they obtained a sensitivity of 49% and PPV
of 76%,16 both comparable with our models.

Limitations

Quality of data sets

The analysis uses city data that were not collected
for research purposes. As such, the completeness and
accuracy are unknown in many cases. To mitigate
this limitation, we met with heads of departments

to ground truth where possible. In addition, while
sufficient for machine learning, the data sets were
relatively small and did not allow for subanalyses.

Assumptions and biases

Chelsea does not have a rental registry, which meant
that we could not separate rental units from owner-
occupied units. An estimated 15% of units are owner-
occupied. In addition, the model does not account for
behavior change as a result of an inspection. Future
studies, with better and larger data sets, can examine
temporal trends and train models based on expected
compliance/reinspection rates.

Finally, data-driven models contain the cognitive
and social biases of the data used to create them. Bi-
ases can be actively counteracted through updating
models based on use cases and engaging diverse part-
ners in evaluating their functionality (eg, Is the model
moving inspection resources to more needy parts of
the city? Is it putting an unfair burden on landlords?
How is it impacting tenants?).31

Considerations for practice

Code enforcement can improve housing conditions;
however, it can also be overly punitive and lead to ten-
ant displacement.32 Enforcement should be coupled
with service provision, where appropriate, to address
root causes of housing code violations.33,34 In 2019,
Chelsea implemented a novel partnership with a lo-
cal social service agency. Through this partnership,
inspectors make referrals for landlords and/or ten-
ants who face problems, such as mental illness or
poverty, that make compliance with the housing code
difficult.35,36 Referrals include programs to help low-
income homeowners make repairs. This gives inspec-
tors tools beyond citations to resolve housing prob-
lems and improve public health. Outside of code en-
forcement, subsidy and investment in housing remain
critical components of reducing public health risk.11

While risk-based inspection may increase efficiency,
effectiveness, and equity, it should not be the only in-
spection method. Over time, the test characteristics
of models degrade37 and need input from new in-
spected properties representative of the city as it
evolves, not just properties previously designated high
risk. The frequency required for data source updates
will depend on the pace of change in the housing stock
and in population behavior.

The time, cost, and expertise needed to develop risk-
based inspection models will differ widely by city,
based largely on the degree of data integration and
norms around the use of data for decision making.
Data integration is a significant investment, but its
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benefits extend far beyond single initiatives or de-
partments. While some cities have in-house capacity
to develop machine learning models, others do not.
If there is city-led demand, and data are integrated,
the analytics work can be completed through partner-
ships, as was the case in this study. Many smaller cities
supplement their data analytics capacity through col-
laboration with local universities, working with data
science students and courses.38 Models do not need
to be developed de novo. Projects applying machine
learning in local government often publish their code
online, which can be adapted for use by others. Our
code is available on GitHub.26

Prior to the COVID-19 pandemic, Chelsea had
planned to trial risk-based inspections using results
from the models; however, routine inspections were
suspended as of the writing of this article. Because we
did not trial the models in real life and evaluate their
impact with stakeholders, we can only make infer-
ences about their performance based on the test data.

Despite the limitations, the results of this study
demonstrate the potential for increasing the public

Implications for Policy & Practice

In addition to improving housing code enforcement, using city
data to estimate the prevalence and spatial distribution of
housing-related health problems has important implications for
policy and practice.

■ Risk-based inspection can identify at-risk properties at a
higher rate than inspector-informed practices alone and re-
duce risks to health at a greater number of properties without
the need for additional inspection resources.

■ Data on the prevalence and spatial distribution of housing-
related risks can help cities, hospitals, and community
organizations inform response activities, track improve-
ments, and develop strategic approaches to tackle public
health risk factors.15

■ Housing data can be used to pinpoint areas of elevated risk
for specific code violation(s), which can augment existing
programs. For example, data on where asthma triggers are
more likely can support asthma home visiting programs.

■ Local data sets provide more granularity than national-level
data on housing and do not require additional data collec-
tion. For research purposes, city housing data are a largely
untapped data source.

■ Integrated city data and machine learning are tools cities can
leverage to reach more people with essential services, even
on tighter budgets. During the COVID-19 pandemic, hous-
ing data and housing code enforcement as an instrument of
public health are more important than ever.

health impact of housing code enforcement through
a novel application of city data.

Conclusion

Housing is a powerful social determinant of health.
Improving housing conditions has enormous transfor-
mative potential to break the link between poor hous-
ing and poor health. Integrated city data and machine
learning can be used to estimate the prevalence and
spatial distribution of housing-related health prob-
lems in cities and make housing code enforcement
more efficient, effective, and equitable in responding
to public health threats.
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