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Abstract

This thesis consists of three self-contained essays in applied microeconomics.
Chapter two investigates the effects of UK austerity measures on individuals and

families using data from the UK Household Longitudinal Study. By applying difference-
in-differences and event study models, I find that austerity significantly increased
parental employment and reduced unemployment. However, we present suggestive
evidence showing that mothers may have experienced a 20 percentage point drop in
income, amounting to £182 per month, while fathers’ incomes were unaffected. These
gendered income changes shaped relationship dynamics, with mothers showing a de-
cline in divorce rates and an increase in new cohabitations, patterns not observed
among fathers. Austerity also reduced parent-child interaction, as time was reallo-
cated to meet rising labor demands. By examining the effects of benefit reduction
policies, this paper adds to the literature by demonstrating their far-reaching implica-
tions for labor markets, family relationships, and inner-household relationships.

Chapter three examines the 2016 school reform policies implemented by the Ok-
lahoma City School District, which sought to replace exclusionary discipline practices
with more inclusive approaches. Using a Synthetic Difference-in-Differences model,
I analyse school administrative records alongside FBI crime data. The reforms re-
sulted in a 50 percent drop in school suspensions, improvements in math and science
scores, mixed effects on reading performance, and a 22.8 percent reduction in youth ar-
rests. These findings highlight the trade-offs between academic outcomes and broader
youth impacts, showing how inclusive policies can shape both classroom and commu-
nity dynamics. This study contributes to the literature by providing evidence on the
short-term effects of discipline reforms on student achievement and juvenile justice
outcomes.

Chapter four estimates the impact of supervised consumption sites (SCS) on opioid-
related emergency callouts, crime, and mental health incidents, using neighborhood-
level data from the Toronto Police. By a difference-in-differences approach, I analyse
the staggered implementation of 10 Health Canada-approved SCS in Toronto between
2017 and 2021. The results show no significant changes in overdose callouts, assault
rates, or mental health apprehensions, though a rise in break-ins near SCS locations
is observed. These findings suggest that SCS do not substantially reduce emergency
service demands or mental health issues but may bring localised property crime con-
cerns. This study contributes to understanding the trade-offs of SCS and emphasizes
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the importance of embedding them in broader public health strategies that address
community-level impacts.
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Chapter 1

Introduction
Public policies aimed at addressing pressing social and economic challenges of-

ten yield multifaceted and far-reaching impacts. From austerity measures reshap-
ing household dynamics to school discipline reforms influencing youth behavior, and
harm reduction initiatives tackling public health crises, the ripple effects of such inter-
ventions extend well beyond their intended scope. This thesis examines three critical
policy areas, economic austerity, educational reform, and harm reduction, through a
series of empirical studies that highlight the interplay between policy interventions
and individual, familial, and community outcomes.

Chapter 2 investigates the consequences of austerity policies implemented in the
United Kingdom during the 2010s. I conduct a comprehensive analysis of the effects
of UK austerity measures on individuals and families, drawing on data from the UK
Household Longitudinal Study (UKHLS). Using an event study model, I show that
austerity policies implemented in the 2010s led to significant increases in parental em-
ployment, with both mothers and fathers intensifying their participation in the labor
market. This increase in labor supply was accompanied by a corresponding reduction
in unemployment. However, while more parents entered or remained in the work-
force, the financial outcomes differed significantly by gender. We find some suggestive
evidence showing that Mothers experienced reductions in total income, correspond-
ing to a 20% percentage point decrease or approximately £182 per month due to cuts
in welfare benefits, particularly the Council Tax Benefit and Housing Benefit. Though
we note that these particular results were sensitive to alternative inferencing proce-
dures namely, Rambachan and Roth’s (2023) test for parallel trends. In contrast, we
found no evidence of men facing income reductions, maintaining their pre-austerity
total income levels.

This suggested gender-specific impact on income could have had an impact on re-
lationship dynamics. For mothers, the reduction in total income was associated with
a 5 percentage point decrease in divorce rates and a 10 percentage point increase in
the frequency of entering new relationships or cohabiting. These trends were not
observed for men, whose relationship statuses remained largely unaffected by the
austerity measures. The divergent effects suggest that economic pressures reshaped
household decision-making in ways that disproportionately affected women.

Furthermore, austerity led to a decline in parental interaction with children. As
parents reallocated their time to meet increased labor demands, household activities
such as shared meals and general family time were deprioritized. This reduction in
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parental engagement, particularly in the context of family meals, may have longer-
term implications for child development, especially for boys, who tend to be more
sensitive to changes in household dynamics.

Overall, this chapter highlights the far-reaching and gendered impacts of austerity
policies, demonstrating how fiscal tightening can reshape not only economic condi-
tions but also family structures and interpersonal relationships. By offering a detailed
analysis of labor market responses, gendered income effects, and their cascading in-
fluence on household dynamics, this chapter contributes to the broader literature on
austerity by uncovering the nuanced ways in which fiscal policies interact with social
and relational behaviors. Furthermore, it provides policymakers with critical insights
into the unintended consequences of economic reforms, particularly their disparate
impacts across gender lines, which can inform the design of more equitable welfare
interventions.

Chapter 3 examines the effects of the 2016 Oklahoma City School District (OKCSD)
reforms on disciplinary practices, academic performance, and adolescent arrests. The
reforms, which included the introduction of Positive Behavioral Interventions and
Supports (PBIS) and comprehensive staff retraining, were aimed at reducing exclu-
sionary discipline measures, such as suspensions, and creating a more inclusive school
environment. To assess the impact, we apply a Synthetic Difference-in-Differences
(SDID) methodology, leveraging K-means clustering to select a well-matched control
group for comparison.

The analysis reveals a substantial 38% reduction in school suspensions, suggest-
ing that OKCSD took considerable steps towards limiting the pervasiveness of ex-
clusionary discipline policies. In tandem, we find evidence that OKC increased its
counseling staff by 17%, which may have contributed to the decrease in suspensions
by providing additional student support. However, the academic effects were mixed.
The OKCSD policy reforms produced mixed academic outcomes, with notable de-
clines in 6th-grade reading performance (-6.51 points, or -0.276 standard deviations)
but significant improvements in structured subjects like math and science. Specifi-
cally, 7th-grade math scores increased by 7.31 points (0.261 standard deviations), a
52% improvement, while 8th-grade science scores rose by 7.01 points (0.320 standard
deviations), representing a 61% gain. These results suggest that while the reforms
introduced challenges in less structured subjects such as reading, they enhanced stu-
dent outcomes in structured disciplines, likely due to improved classroom manage-
ment and inclusivity. Potential mechanisms include gendered classroom dynamics
and changes in teacher and peer effects, which merit further investigation to better
understand these heterogeneous impacts.

These findings underscore the importance of inclusive educational policies in re-
ducing disciplinary actions and promoting better social outcomes, though careful at-
tention is needed to address the varied effects on student performance across age
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groups. This chapter makes two key contributions. It provides the first empirical
insights into how school discipline reforms influence juvenile outcomes outside of
school, such as arrests, and introduces an innovative methodology that leverages K-
means clustering to enhance Synthetic Difference-in-Differences (SDID) estimation for
large datasets. These advancements offer valuable tools and perspectives for policy-
makers and researchers addressing the multifaceted impacts of educational reforms.

Chapter 4 analyses the staggered rollout of opioid harm reduction facilities in
Canada. The opioid crisis continues to pose significant public health challenges across
the globe and particularly in large urban centers like Toronto, where opioid-related
deaths and overdose incidents have surged. In response, policymakers have imple-
mented harm reduction interventions, including Supervised Consumption Sites (SCS),
to mitigate the adverse health effects of opioid use. However, the overall impact of
these sites on surrounding communities remains a point of contention. This study
aims to provide empirical evidence on the effectiveness of SCS in reducing overdose
callouts, crime, and mental health crises in Toronto neighborhoods.

We employ a spatial Difference-in-Differences (DID) approach, relying on the frame-
work developed by Callaway and Sant’Anna (2021), to evaluate the impact of the stag-
gered rollout of 11 SCS across Toronto from 2017 to 2021. We merge our unique pri-
mary SCS data which includes geographic information, site openings and site closures
with three datasets from Toronto Police’s open data portal to assess the effect of SCS
on emergency callouts related to drug overdoses, reports of assault and breaking and
entering, and mental health apprehensions Our findings suggest that SCS do not sig-
nificantly influence overdose-related callouts or crime rates in the areas surrounding
these facilities. Specifically, we find no statistically significant changes in the frequency
of overdose callouts or incidents of assault. We find some evidence indicative of an in-
crease in the frequency of break-ins in neighborhoods close to SCS. Additionally, there
is no evidence to suggest that the presence of SCS exacerbates mental health crises,
as indicated by the absence of changes in mental health apprehensions following the
opening of these sites.

These results contribute to the ongoing debate about the effectiveness of harm re-
duction policies. While SCS do not appear to worsen public safety or mental health
conditions, their ability to alleviate the burdens on emergency services and crime pre-
vention efforts seems limited. This chapter provides the first causal evidence on the
community-level effects of supervised consumption sites (SCS) in a major urban set-
ting, using a robust spatial Difference-in-Differences (DID) framework to assess their
impact on public safety and health outcomes. These findings offer valuable insights
for policymakers seeking to understand the role of SCS within broader harm reduction
strategies.
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Chapter 2

Cutting Benefits, Changing Lives:
Austerity’s Impact on Work, Income, and
Families

2.1 Introduction

While there is a breadth of literature outlining the effect of changes in government
benefit expenditures on employment and income (Eissa and Hoynes, 2006; Farber,
Rothstein, and Valletta, 2015), there exists a significant gap in the literature regard-
ing the effect of fiscal tightening programs, particularly concerning the wider social
implications of these policies. Eissa and Hoynes (2006) explores the effect of the in-
troduction of the Earned Income Tax Credits (EITC) on single mother labour partic-
ipation, and found that the EITC was successful in encouraging employment on the
extensive margin. Farber, Rothstein, and Valletta (2015) stands as one of the few recent
examples in the literature which addresses the effect of benefit reduction programs on
employment. This study seeks to contribute to this evolving body of literature by in-
vestigating the effects of austerity on parental employment and income and further
examine the impact that these benefit reductions and changes in economic activity
have had on various aspects of the family, including decisions about relationships and
fertility, inter-household productivity, and child interaction.

The UK government’s austerity policies, which came into force in the early 2010’s,
provides an excellent setting to research the role of sharp fiscal policy tightening on
parental labour market outcomes, income, and the complex interplay between eco-
nomic circumstances and decision making in the household. Further, the analysis is
extended to explore parental decision making and child interaction. In discussing the
impact of austerity policies, I primarily focus on the UK’s expenditure-based approach
which led to changes in key tax-based welfare benefits. In the UK, public cash benefit
transfers make up the bulk of social welfare expenditure with adults of parenting age,
in their 20s and 30s, claiming more public cash transfers proportionately, compared
to other age groups (Gornick and Smeeding, 2018). With this in mind, UK austerity
policies provide a unique setting for research on how fiscal tightening programs im-
pact labour supply, trends in income levels, and unintended effects on relationship
and fertility decisions (Bitler et al., 2004; Diedrick, 1991; Fisher and Zhu, 2019; He,
2016). Further, related to the supplementary analysis on child outcomes, existing liter-
ature has shown that children from low-income households are particularly sensitive
to changes in household incomes when compared to their peers from middle to high-
income households (Aizer et al., 2016; Milligan and Stabile, 2011). By addressing these
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topics, I contribute to the literature in three ways. First, I explore the effects of reduced
welfare benefit spending on individual labour market outcomes, where previous lit-
erature primarily examines the effect of benefit expansions. Second, I analyse how
benefit reduction may influence relationship decisions and family formation. Finally,
I look into the intergenerational effect of austerity, by examining a number of child
outcomes, including the frequency of parent and child interactions and the effect on
adolescent mental health. In short, this paper seeks to outline the impact of Auster-
ity policies, by focusing on the Welfare Reform Act, to gain a better understanding
of how reductions in government spending influence parental employment, earnings,
household relationships, and social decision making.

To capture the extent of family exposure to austerity policies, I primarily focus on
the effects of the Welfare Reform Act of 2012 (WRA) and, more specifically, the abol-
ishment of the Council Tax Benefit and the changes to the eligibility criteria for the
Housing Tax Benefit.1 After assigning the treatment based on exposure, I employ an
event study model to estimate the effect of austerity on a number of outcomes, begin-
ning with standard indicators for labour supply such as employment, unemployment
and income. Here, my primary results show that individuals exposed to austerity
measures increase their labour market activities, as parents seek for ways to compen-
sate for their losses in benefit income. I also present evidence that the intended effect
of austerity (Bank of England, 2014) was realised for parents, and led to significant
increase in employment for fathers, by around ∼15% (from the baseline pre-treatment
employment rate of 80%), a reduction in unemployment, which was reduced from
20% to 16% following the WRA and a subsequent increase in labour income for both
mothers and fathers. However, I also observe some indirect effects of these policies.

One interesting finding suggests that post austerity incomes between mothers and
fathers diverge,2 with mother total incomes decreasing by up to 20 percentage points
(ppts henceforth) due to the council tax benefit reductions, with father incomes ris-
ing by ∼15 ppts.3 This effect corresponds to a decrease in total income for mothers
of around £182 per month.4 In tandem, I find that austerity caused gender specific
changes in relationship decisions, where women exposed to austerity experience a de-
crease in the frequency of divorces (by 5 ppts against a baseline divorce rate of 20%
in the pretreatment period) and an increase in the frequency of marriages and cohabi-
tating relationships by around 8 ppts (where 48% of mothers were married in the pre-
treatment period).5 Finally, I also present and briefly discuss potential mechanisms
driving the effects of austerity on parent & child interaction and child outcomes.

1More information on these specific policies can be found in the institutional background section 2.2.
2In section 2.5.4 following Rambachan and Roth (2023), I provide a robustness check showing that

this particular outcome may be sensitive to parallel trend violations, therefore these results should be
interpreted with caution and considered as suggestive.

3See Figure 2.1 for the event study results outlining employment and income trends.
4In real terms relative to 2009 £s.
5See Figure 2.2 for the event study results concerning relationship decisions.

18



Where the results show that mothers and fathers might have faced differing trajec-
tories on relationship decision making post-austerity, I turn to the theoretical frame-
work developed by Browning and Chiappori (1998). This paper rejected the prevail-
ing “unitary” model of household decision making where households are viewed as a
single decision maker. My findings could be seen as providing support for a more nu-
anced “collective” framework for modeling household decision making where house-
hold members have individual preferences and bargaining power (Browning and Chi-
appori, 1998; Molina, Velilla, and Ibarra, 2023).6 Many papers have looked into the role
that economic conditions such as income and employment play in inter-household
bargaining power (Agarwal, 1997; Basu and Maitra, 2020), where lower income and
less labour market flexibility has been shown to reduce the inter-household bargain-
ing power for women. Further, Chen, Conconi, and Perroni (2007) demonstrates how,
even when female labour market participation increases, women, especially those
who are specialized in household activities, often face a “double burden.” In Chen,
Conconi, and Perroni (2007), women face a dual dilemma where they must manage
their increasing activity in the labour market while simultaneously addressing a sus-
tained demand for household work in the home, thus further eroding their ability to
re-negotiate their bargaining position due to time constraints. Recently Dong (2022),
looked into the effects of changes to Chinese marriage laws and property division
and showed that reductions in female inter-household property ownership reduced
female bargaining power, these reductions led to significant reduction divorce rates.
Here, we have limited ability to prove that women faced lower bargaining power,
yet this is one theory that could explain why the trend in mothers getting divorced
declined in the post-treatment period.7

Aligned with the previous concept, shifts in relative economic independence can
help explain how austerity has led to an increase in the frequency of marriages. Here,
the results showing diverging trends in total incomes by gender can be viewed as
evidence of reductions in female economic independence (Périvier, 2018a,b). Previous
literature has shown that female relationship decisions are closely tied to perceived
economic independence, where women with lower incomes are less likely to divorce
(No, Andrews, and Yigletu, 2007; Nunley and Zietz, 2012). A similar mechanism may
be at play in my results, where I find that women who are experiencing systematic
disadvantages may consider entering into new relationships for economic stability.

While exploring the impact of austerity on household dynamics, this paper also
examines the potential effects on parent-child interactions and child outcomes. This
research highlights parents as the main agents experiencing the intergenerational ef-
fects of austerity. It seeks to fill a gap in the literature on how fiscal tightening in-

6Here the collective framework could provide an explanation for why females are less likely to alter
relationship status post-austerity, due to their now higher perceived costs of exiting relationships.

7This difference in outcomes highlights the role of bargaining power dynamics within couples, show-
ing how economic and social factors can have distinct impacts on mothers and fathers. This is something
the collective model is better equipped to account for than the unitary framework.
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fluences family dynamics and child outcomes (Heckman and Mosso, 2014), building
on earlier work that primarily examines the effects of welfare expansion, such as in
Eissa and Hoynes (2006). Here, I build on existing work which outlines the transfer of
human and social capital from parents to children (Carneiro et al., 2015), and the im-
portant role that parental interaction plays in the development of non-cognitive skills
(Henney, 2016).

Cunha and Heckman (2008) positions parenting as a mechanism for intergener-
ational skill development, this suggests that alterations in parental investment due
to austerity measures could have long-term repercussions. Here, the youth analysis
is limited to adolescents (ages 10-16) due to the scope of the United Kingdom House-
hold Labour Survey’s (UKHLS) Youth Survey. It’s worth noting the importance of this
age range for the development of non-cognitive skills, which can significantly impact
mental health (Heckman, 2005). Previous studies, like Agostinelli and Sorrenti (2021)
have explored the impact of policy changes on child outcomes, focusing on mater-
nal employment and income effects, while simultaneously recognizing the trade-off
between parental time and financial resources. They describe this trade off as the “in-
come vs substitution effect” and highlights the specific relevance of this trade-off for
low-income families.

This paper contributes to existing literature by looking beyond the economic ef-
fects of fiscal tightening programs on labour market activities and incomes, but also by
delving into the broader social context shaped by these economic measures. It outlines
the complex interplay between reduced government spending, shifts in parental em-
ployment and income, and the consequent influences on household decision-making.
By unraveling the diverse and far-reaching effects of austerity, this research provides
context for understanding inter-household decision-making during periods of fiscal
contraction. The paper also underscores the need for policy-making that adequately
considers the wider social implications of benefit reduction programs. As such, the
insights provided in this paper aim to inform future policy decisions, with the goal of
mitigating the potential adverse consequences of such policies.

2.2 Institutional Background

In the wake of the 2008 financial crisis, slow economic recovery, stagnant GDP growth,
and rising government debt, prompted many western economies to pursue various
policies of austerity. Austerity policies generally aim to reduce government deficits
by either generating revenues with increased taxation (taxed based approach), reduc-
ing government expenditure, or a combination of both approaches, among other cuts
to local spending (Alesina, Favero, and Giavazzi, 2020). Driven by the desire to lower
unemployment, and increase labour force participation, the Welfare Reform Act of
2012 had a significant impact on the provision of welfare support programs and in-
cluded changes to the council tax, housing, and child tax credit benefits. This resulted
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in an estimated welfare expenditure reduction of nearly 23.4 percent per person in real
terms between 2010 and 2015, with the largest measured reductions occurring in the
poorest areas (Fetzer, 2019). I focus on two of the primary policy changes within the
WRA, the abolition of the council tax benefit, and changes to the housing benefit. I
focus on these specific laws because of their relative importance for low income fam-
ilies. Prior to 2012, both the council tax and housing benefit were means tested and
only offered to low-income families.8,9.

The Council Tax is a localised tax on domestic property to pay for the allocation
of some public goods (i.e., water and waste collection). Prior to the introduction of
the Welfare Reform Act, low-income households could qualify for reductions or ex-
emptions on levied council tax payments, through the council tax benefit. In April of
2013, with the introduction of the WRA, the council tax benefit was cancelled without
replacement. This lead to an estimated 2.4 million households liable to pay the full
council tax for the first time. While the total cost of the council tax varies from council
to council, the cost for most households is typically at least £1,000 per household per
year (Fetzer, 2019) 10.

Some recipients of the UK housing benefit were also impacted by the WRA. Hous-
ing benefits are offered to individuals and households that are either living on low-
income, unemployed, or qualify for other forms of welfare benefits. This encompasses
individuals residing in social or council housing who receive allocated funds to assist
benefit recipients in subsidizing their rent. In accordance to the WRA, the housing
tax benefit was changed to exclude the costs of an additional room, meaning that
benefit recipients living in accommodation which could be defined as having excess
bedrooms would see a reduction in their housing benefit. The new guidelines allowed
housing benefit recipients to have one bedroom for each adult couple, and single in-
habitant over the age of 16, one bedroom for every two children who are the same sex,
and one bedroom for children under 10 regardless of their sex. Housing benefit recip-
ients with excess bedrooms, experienced a benefit reduction of around 14 percentage
points (ppt) in households with 1 extra bedroom and by 25 ppt in households with

8The WRA also made changes to the Child Tax Benefit by enforcing an income cap for eligibility,
where families making over £50,000 per year (pre-tax) would no longer receive the benefit. Thus, the
child tax benefit was not particularly relevant for low income families or the focus of this paper.

9The WRA included additional policies which are not the focus of this paper. For example the WRA
marked the introduction of Personal Independence Payments (PIP) which replaced Disability Living
Allowance (DLA) and only impacted those with long term health-issues.

10While London is an outlier, with city administering more local support than other councils, a report
by the Child Poverty Action Group estimated an average liability per household of around £200 per
annum, with 4 out of 10 affected Londoners receiving a court summons for non-payment (Ashton, 2014)
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two or more excess bedrooms, leading to an income loss of around 56 - 100 pounds for
effected households.11

2.3 Data

2.3.1 UK Household Longitudinal Study: Understanding Society

In this paper, I examine the impact of UK austerity policies on a number of out-
comes by leveraging data from the UK Household Longitudinal Study (UKHLS). The
UKHLS is an individual level longitudinal survey on the members of around 40,000
households which are observed annually. The portion that I use, the Understanding
Society Dataset, is a continuation of the British Household Panel Survey, which began
in 1991 and was subsequently continued and renamed to the UKHLS in 2009. The
UKHLS uses a clustered and stratified sample that aims to represent the entire UK
population.12 Interviews are carried out in person when possible, with all household
members selected in the first wave comprising of the core sample. This core is then
followed throughout their lives as long as they remain in the UK; family members of
core sample members then comprise the secondary sample, who are interviewed as
long as they remain in the household of the core sample member. While, the house-
hold sample is the primary survey, household members between the ages of 10 – 16 are
asked to complete a short self-completed youth questionnaire (with permission from
their parents), once they reach the age of 16, they are then eligible for the full inter-
view. Also included in the UKHLS is a child survey answered by parents on behalf of
child household members who are younger than 9 years old. The Understanding So-
ciety dataset is unique in its inclusion of variables that provide information on the life
experiences of both children and adults in the UK. With questions ranging from con-
crete indicators of education qualifications/employment, and income, and extending
to personal questions about participant mental health, life ambitions, and behavioral
habits.

2.3.2 Identifying Exposure to Changes in Benefit Incomes

In this section, I begin by describing treatment allocation and variable selection. Fol-
lowing this, I will then discuss the construction of the youth file (sample) used in the

11The WRA also carried out changes to the child benefit, most notably, increasingly stringent eligibility
requirements and capped yearly benefit increases to 1% per year. Changes to the child benefit tax had
the largest impact on households in which at least one household member earns at least £50,000 GBP
per year, these households became ineligible for the child tax benefit after the WRA was implemented.
Primary analysis on the changes to the child benefit tax saw little impact on parental outcomes and em-
ployment, which can be potentially explained by the relatively high income of the recipients who were
impacted by this particular policy change, because of this, changes to total income resulting from chang-
ing benefit incomes caused by the child benefit are proportionately low when compared the financial
impact of the other primary WRA changes. Keeping this in mind, the analyses primarily focus on the
impact of changes to the council tax benefit, and the bedroom tax.

12The UKHLS includes a tandem of boost samples, the ethnic minority boost sample, and the immi-
grant boost sample seeks to ensure that minority populations are well represented.
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analysis. Since this research is focused on the experiences of the family and household
dynamics, I restrict the sample to only include households in which children (under
the age of 16) are present. In the UKHLS, survey participants over the age of 16 are in-
cluded in the main file. I use UKHLS waves 1-1013,excluding 2020 to avoid distortions
caused by COVID-19, which may affect the validity of pre-pandemic comparisons.

Our treatment variables aim to identify individuals and households that have
been directly exposed to either of the two main austerity policies described in the
background section, these being, council tax benefit (CTB) recipients and claimants of
household benefit with spare bedrooms (i.e., “spare bedroom tax” or BTX henceforth).
These measures were key provisions of the 2012 Welfare Reform Act and took effect in
April 2013, aligning with the start of the UK financial year, which is a common imple-
mentation period for major fiscal policies. The timing was driven by broader austerity
measures rather than immediate economic conditions, which has implications for the
common trends assumption, discussed further below (White, 2016).

In order to identify individuals exposed to changes in tax credits I make use of
the UKHLS data’s “Unearned Income and State Benefits Module” in which survey re-
spondents indicate if they are currently receiving any state benefits in that particular
wave. Due to the research question, which focuses on household experiences and fam-
ily dynamics, household married spouses and non-married couples were matched to
generate more accurate benefit receipt indicators. For example if one matched spouse
or partner in the same household meets the criteria for being included in the treatment
group, the other spouse or partner in that household would be included in the treat-
ment group. It is understood that in the scenario explained above, spouses or partners
would be exposed to the WRA through changes in benefit incomes at the household
level. In instances of a change in household makeup (i.e., marriage or divorce follow-
ing April 1st 2013) future spouses or partners, who are normally new entrants into
the survey, are also included in the treatment group because of their association with
exposure to austerity through their spouse or partner. The exposure indicators de-
scribed below are mirrored in the youth dataset, by extracting the treatment indicator
and then matching these indicators to the youth dataset through the parent’s unique
identifier found in both datasets. Those who do not meet the set of treatment group
criteria explained below are understood as being unexposed to austerity policies and
act as pure controls in the model specification outlined in section 2.4.

While this classification ensures that treatment assignment accurately reflects ex-
posure to the WRA through household benefit receipt, it is important to establish that
the control group represents a reasonable counterfactual. Table A.1 presents a com-
parison between the treatment and control groups before the implementation of the
policy. While some differences in demographic and control groups before the imple-
mentation of the policy exist, these differences are expected given the nature of bene-

13Wave 1 was collected in 2009 - 2010, wave 10 was collected between 2018 and 2020.
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fit receipt and household composition. However, these differences do not necessarily
threaten identification as the empirical strategy employed accounts for time-invariant
and household characteristics.

Additionally, to further assess the suitability of the control group, a propensity
scores matching (PSM) approach, shown in figure A.9, was implemented as a robust-
ness check to re-weight the control sample to better resemble the treatment group in
terms of observable characteristics. The main results remain consistent when using
the PSM- reweighed sample, suggesting that pre-existing difference between groups
do not drive the findings. Further, the DID approach inherently accounts for baseline
disparities by differencing out time-invariant selection effects.

Council Tax Benefit Abolishment. Assigning treatment indicators for households
and individuals who were exposed to the abolishment of the CTB is straight forward,
with the UKHLS data providing an individual indicator for the CTB in the state ben-
efits module. Knowing that the policy came into force in April of 2013, households
and individuals who indicated that they had continually received the CTBs in at least
2 waves, or the 3 years leading up to April of 2013 are considered treated, this defi-
nition excludes up to 1 wave of non-response. Following this logic, households that
indicated they had only received the benefit, in the final wave (i.e., 2012 observations)
would not be included in the treatment group. Once treatment groups are established,
indicators for exposure to the CTB would be matched to unique personal identifiers
in all subsequent waves, regardless of their changing household compositions.

While this definition omits individuals who received benefits only in 2013, this
choice is intentional. The goal is to estimate a conservative, lower-bound effect of the
policy change by focusing on those with sustained exposure to the benefit. Includ-
ing short-term or marginal recipients could introduce additional heterogeneity, po-
tentially inflating estimated effects. A breakdown of pre-2013 benefit recipients shows
that 13.8% of the sample is classified as treated under this definition. An alternative,
less restrictive definition results in a treatment group comprising 14.5% of the sample.
This means that approximately 0.7% of households in the sample are excluded due to
having received benefits only in 2012. This exclusion ensures that the estimated effects
reflect those most affected by the policy rather than capturing individuals who may
not have continued receiving benefits in the absence of the reform. This treatment
identification strategy follows the method used by Fetzer (2019) and is shown below.

Ti,CTB =

1 if individual or spouse received the council tax benefit for two waves prior to April 2013

0 else

Bedroom Tax. Categorization into treatment groups indicating exposure to the BTX
is less straight forward. Exposure to the BTX impacted families that had excess bed-
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rooms with the following criteria, household members above the age of 15 are allo-
cated one bedroom, children under 15 are permitted 1 room for 2 children, and cou-
ples are expected to share a bedroom. The WRA also excluded households where at
least one household member makes over £50,000 per year.

I leverage household level data to identify households which were exposed to the
“bedroom tax” first by using derived monthly gross income variables followed by an
estimate in the number of “excess” bedrooms per household as defined by the WRA.
Using information about the household makeup and the number of bedrooms in each
household I compute the number of “allowed” bedrooms per person based on the
number and age of children, the number of single household members over 15, and
the number of couples within the household. This “allowed” number of bedrooms
was then subtracted from the total number of bedrooms as given in the household
data file. After estimating the number of excess bedrooms per household, I then de-
fine the treatment by identifying households with at least one “excess bedroom” and
households that had identified that they were receiving the housing benefit in at least
2 waves leading up to the implementation of the WRA, on April 1st 2013. Similar to
the council tax benefit above, under this definition, 5.68% of the sample is classified as
treated, compared to 5.8% under a less restrictive definition. This amounts to only 62
households, 2% of households are excluded in the more restrictive definition. Treat-
ment indicators were then created following the strategy used to assign the council
tax treatment, as seen below.

Ti,BTX,t =

1 if individual or spouse benefitted from the council tax benefit prior to April 2013

0 else

It is important to mention that the vast majority of those exposed to the bedroom
tax changes were also exposed to the council tax benefit abolishment See table A.3 for
the number of treated units in each treatment category in 2012 the last pre-treatment
period.. A number of outcomes were tested using the specification outlined in sec-
tion 2.4.1 and more detailed description of the dependent variables can be found 2.4.1.
Selected outcomes aim to estimate the effects of austerity policy changes on parental
employment trends, income levels, and family dynamics. These outcomes can be cat-
egorized into three major areas: changes in income and employment, alterations in
family structures and relationships, and the impact on children.

A number of outcomes were tested using the specification outlined in section 2.4.1
and more detailed description of the dependent variables can be found 2.4.1. Selected
outcomes aim to estimate the effects of austerity policy changes on parental employ-
ment trends, income levels, and family dynamics. These outcomes can be categorized
into three major areas: changes in income and employment, alterations in family struc-
tures and relationships, and the impact on children.
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2.4 Identification Strategy

2.4.1 Specification

To tease out the effect of the welfare reform act on labour market outcomes and family
dynamics, I estimate an event study model to exploit the introduction of the Welfare
Reform act which came into effect in April of 2013. The event study model can be
understood as generalized extension on the standard difference-in-differences (DID)
model, but also allows us to estimate the dynamic effects of the policy over time. Addi-
tionally, plotting event study coefficients along with their confidence intervals allows
us to visually assess potential identification issues. The decision to focus on mothers
and fathers separately in the main specification is grounded in prior research high-
lighting how welfare benefits are distributed differently between men and women
(Ştefan and Avram, 2017). In the extended analysis on children, I also observe that
parental interaction variables are sensitive to gender differences (Bastiaansen, Ver-
speek, and van Bakel, 2021; Chen, Huang, and Ye, 2020). Section 2.5.4 explores this
further, where I present and discuss results that are not specific to gender. The event
study specification for parents can be expressed as follows (equation 1) informed by
Clarke and Tapia-Schythe (2021):
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Where yg

i,t denotes an outcome selected from the parent dataset, where g ∈ {M, F}
denotes gender groups (male/female), which pertains to labour market outcomes
such as employment and wages, health, or parent child time investment. Individ-
ual fixed effect, γi capture time invariant differences within individuals, the inclusion
of individual fixed effects are important to control for if individual traits that do not
vary over time are correlated with selection into the treatment14.

The coefficient of interest is β, corresponding to the interaction between exposure
to Austerity measures, Austerityi,t−q. Coefficients βqs are to be interpreted relative to
the commencement of the welfare reform act of 2013. The estimates are then plotted
to visually display the dynamic trends in various outcomes. This implies that time
dummy where t = 0 is the baseline period and is omitted, therefore estimated βs are
interpreted relative to this time period, corresponding to the first year of the WRA,
2013. The coefficients β+1it, ..., β+m measure the lags, or post-treatment effects, with
β−1, ..., β−p represent the leads, or pre-treatment effects. For instance, Austerityi,t+2

would include a binary indicator equal to 1 in observations from 2011, or two years

14The year before treatment (t = −1) is the reference period and excluded from the summation.
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before the introduction of the WRA for the treated group whereas the variable is al-
ways equal to zero for the control group.

Our specification for child outcomes uses the same equation shown in equation 7.
In all iterations of equation 7, standard errors are clustered at the household level, to
account for possible serial correlation within households over time.

Also included is both parent and child specifications are explanatory variables, Xi,t,
which seek to control for time-invariant socioeconomic characteristics and increase
precisions in the estimates. I include a second-order polynomial function for parental
age to capture the non-linear relationship between age and the outcome variable of
choice. Further, I include the covariates denoting the number of kids in the house-
hold, 15 and a discrete regional identifier (north England, England, London, Scotland,
Northern Ireland, and Wales) which helps control for potential regional disparities or
changes, such as families moving between regions.

Outcomes. I begin by estimating the direct effects from austerity policies with an anal-
ysis on the intended labour market impact of the WRA, namely that a reduction in
welfare benefit incomes would increase labour market activities (Makowiecki, 2014).
The idea is that these increases are driven by former benefit recipients who seek to
replace losses in benefit incomes with labour market wages and earnings, where pre-
vious literature shows that changes in benefits can impact labour market activities
(Eissa and Hoynes, 2006; Farber, Rothstein, and Valletta, 2015).

Our main results estimate the expected impact of austerity on the labour force
participation by using the UKHLS’ labour force status variables, I create a binary in-
dicators for those in paid employment (including self-employed) and those who are
unemployed. I then focus on the intensive margin of labour supply by using a log
transformation of the hours worked. Importantly, I also estimate the effect of austerity
policies on both labour and total personal income. I estimate annual income by scaling
up the reported monthly gross income.

Following the analysis of direct labour market effects of austerity measures, I delve
into the wider social implications of the policies. Recognizing that economic instabil-
ity and changes in financial circumstances can significantly influence family structures
and dynamics, I estimate the effects of austerity policies on relationship decisions and
fertility intentions. The UKHLS provides detailed information on relationship sta-
tus; using this, I construct relationship status categories. Here, I simplify the data
by grouping married and cohabiting individuals into a single category, ’in a couple,’
while leaving other statuses like ’single’ and ’divorced’ unchanged from the raw data.
I then create dichotomous variables based on these categories to analyse trends in re-
lationship statuses.

I also explore the potential effects of austerity measures on fertility. While the
UKHLS does not include a direct measure of fertility, I proxy it by coding a binary

15See Figure A.10 in the Appendix for results which exclude this particular covariate.

27



variable that identifies individuals with a child less than one year old. To better align
the timing of the birth with the period in which the decision to conceive likely oc-
curred, I shift this indicator back by one wave. This approach, which follows Romiti
(2018), accounts for the average nine-month gestation period and the fact that most
births occur mid-year.

To address outcomes relating to mental health, I make use of the General Health
Questionnaire (GHQ) measurements, which assess general wellbeing with “Likert”
Scale responses rating from 0 (least distressed) to 4 (most distressed). There are 10
individual GHQ questions that seek to understand participant mental health, no-
table questions asked about the participants happiness, confidence, ability to con-
centrate, and ability to face day-to-day activities. Individual GHQ questions were
then combined into a combined indicator for subjective wellbeing with scores range
from 0-36.16 I include this measure as a dependent variable after preforming a z-
transformation. Following the discussion, I also include the plotted estimates of each
individual GHQ component (found in appendix). To further assess the impact of
austerity on parental mental health I use principal component analysis (PCA) to es-
timate a latent variable for mental health (Abdi and Williams, 2010; Brewer, Dang,
and Tominey, 2024).

Parental investment into child development variables seek to understand the fre-
quency and quantity of parental interactions with their children. Beginning with vari-
ables indicating discrete frequency (times per week) of family dinners, talking about
things that matter, quarreling with children and asking about school, I create binary
indicators denoting household with parental variable frequencies below the sample
average. For instance, in the dichotomous variable capturing “parent talk,”” where
parents talk with their children 2-3 times per week on average, parents that talk less 2
times per week with their children are assigned a value of 1.

Youth control variables are similar to the parental covariates introduced earlier and
include indicators for age, sex, region, and ethnicity.

Covariates in the youth specifications are consistent with those explained previ-
ously for parents. Youth outcome variables can be roughly categorized into 2 main
groups – parent time and health/mental health. Parent time outcome variables are
nearly identical to the questions asked to parents. Health and mental health outcomes
are computed by leveraging the strengths and difficulty questionnaire responses (SDQ).
The SDQ is similar to the GHQ in that it addresses questions about the mental health of
the youth participants, but also has questions about peer relationships, conduct, and
hyperactivity. A composite score includes all these measures scaled from 0-36 (with 36
indicating the most distressed children). Following a similar analysis found in Brewer,
Dang, and Tominey (2024) I also test an estimated latent SDQ variable by using PCA,

160 denoting the least distressed individuals.
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without identifying significant changes. Results which use the PCA weights can be
found in A.6 in Figure A.9.

2.5 Results

In the following section I present my results showing the estimated impact of austerity
policies on the outcomes described in Section 2.3. These results are displayed graph-
ically by plotting of the estimated coefficients from the model described in equation
7.17

This section will begin by presenting and briefly discussing the main results, which
confirms the intended effect of the WRA as a motivation for increasing labour market
activities. This includes the estimated impact of austerity policies leading to changing
employment, income, and labour supply of treated individuals, compared to those
who were not directly impacted by the WRA. Following the discussion on the in-
tended effect of the WRA, I introduce outcomes related to the unintended conse-
quences of austerity. In this section I will also briefly discuss my findings on the impact
of the WRA on parental mental health outcomes.

2.5.1 Main Results

Below, Figure 2.1 presents the results of estimating the specification shown in equation
7 on indicators of labour market participation and earnings. The results are displayed
in two subfigures, A and B, which isolates the effects of each individual policy. The
coefficient estimates are displayed alongside the 95% confidence interval bands.

Parent Employment. Starting with Figure 2.1 section A, the results concerning em-
ployment and earnings begin with an inquiry into the primary intended impact of
austerity policies for the benefit claimants who were subjected to changes in the WRA.
A notable justification for the WRA was the notion that the government could both re-
duce fiscal expenditure while encouraging a reduction in the headline unemployment
rate (Alesina, Favero, and Giavazzi, 2020). As seen in Section A, Panel A. and inter-
preting the plot in line with the guidelines outlined in Freyaldenhoven et al. (2021).
Section A. panel A. shows a “smooth event time trend” suggesting that both moth-
ers and fathers, impacted by the abolishment of the council tax, were indeed driven
into the labour force. These effects culminate in a 19 ppt increase in employment for
mothers (with 67% of mothers in employment) and a 15 ppt increase in paternal em-
ployment (in this sample, 80% of men in the sample are employed).

In the pre-treatment year of 2009 is suggestive of some marginal degree of diverg-
ing employment trends in the treated group compared to the untreated. It is entirely

17I also pay close attention to the pre-period estimates and confidence intervals as a way to visually
assess the validity of the parallel trend assumption. Here, I look for common stable pre-trend differences
between the treated and control group (Freyaldenhoven et al., 2021). The parallel trend assumption will
be revisited in section 2.5.4.
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Figure 2.1: Mother and Father Labour Participation

Council Tax Treatment

Bedroom Tax Treatment

Note: Figure 2.1 sections A and B show the effect of austerity policies on being in
paid employment (panel a), being unemployed (panel b), earnings from labour (panel
c), and total income (Panel d). Figure 2.1 is broken into two sections with section A
displaying the impact of the council tax benefit abolishment and section B displaying
the effect of the “spare bedroom tax.” Mother and Father results are plotted together,
with the coefficients associated with mothers shown in red and the results associated
with fathers shown in black.
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plausible that this effect may have been caused by a delayed reaction to the financial
crisis of 2008-2009. Noting that high unemployment in the aftermath of the great reces-
sion developed slowly (Bank of England, 2020), and that lower paying jobs were ini-
tially less affected by the crisis compared to other job categories (Verdugo and Allègre,
2020). This situation would have been particularly relevant for the treated group in
the sample, as the majority of benefit recipients who were employed during the pre-
treatment period were classified within the lowest socioeconomic category. I also find
that mothers and fathers share similar employment trajectories with significant in-
creases in employment. Still, these results are indicative of the effect of the council tax
abolishment on parents entering into employment.

Panel B’s trend plot of unemployment mirrors the employment findings with a
similarly smooth event time trend, though I see a slightly higher reduction in unem-
ployment, peaking at around 20 ppts in 2017 for fathers where 8% of men in the sample
were unemployed,18 results for mothers are similar, peaking at a 20 ppt reduction in
unemployment with 7% of women in the sample being unemployed.19 Similarly to
the employment results in Panel A., these findings show a clear impact of the council
tax benefit abolishment on unemployment trends for both mothers and fathers.

Not surprisingly, Panel C shows that as trends in employment have risen in the
post-treatment period, labour earnings also significantly rise, and in a large way. These
large coefficients are primarily driven by the large share of treated individuals who
were either not in the labour market or were unemployed in the pre-treatment period,
with just 28% of the treated group stating that they were in employment. As I have
shown in figure A.5 in the appendix, when the model is restricted to exclude individ-
uals who were unemployed or outside of the labour force in the pre-treated period,
the upward trend in labour earnings is all but cancelled out. Where any additional in-
crease in labour income constitutes an increase of 100%, inflating the estimated effect
of austerity on labour earnings. Still, the effect of austerity on labour market incomes
is substantial and goes hand in hand with increased employment. I can then look to
Panel D, for evidence of the impact of austerity policies on total income.

Labour Earnings and Total Incomes. For fathers, post-treatment income differences
look to be increasingly significant in the long run, seeing around a 20 ppt increase in
earnings compared to the counterfactual trend. It can be speculated that the Panel
D results for fathers may be suggestive of an increase in total incomes, but with few
statistically significant coefficients. Knowing that total incomes for fathers have either
seen no change in trajectory, if not a slight increase, I find that most fathers in the treat-
ment group were able to replace their lost benefit incomes by labour earnings, and that
are no pre-trend concerns as coefficients remain close to null in all pre-treatment peri-
ods. For mothers in Panel D, there seems to be little significant impact of the Council

18Compared with a 10% unemployment rate in the pre-treatment period.
19Compared with a 9% unemployment rate in the pre-treatment period.
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Tax Benefit abolishment on total income, though there is some evidence of a down-
ward trend in the very long run, consistent with reducing incomes associated with
exposure to austerity. While most pre-treatment coefficients are statistically insignif-
icant. Some, such as the estimate four years prior, are non-trivial in magnitude (0.2
for log income), warranting a cautious interpretation of parallel trends. Taken with
appropriate caution given the potential for non-negligible pre-trend differences, the
post-treatment estimates suggest economically meaningful effects. To contextualize
the size of these estimated effects, the policy resulted in an average monthly income
loss of £182 for mothers; equivalent to a 17% drop relative to pre-treatment income
levels (£1,070/month). The associated 19 ppt drop in employment thus represents a
substantial behavioral response to a moderate but not overwhelming income shock.
For fathers, whose earnings largely replaced lost benefit income, the 15 ppt employ-
ment effect aligns with a more successful adjustment to the policy change.

Figure 2.1 Section B results covering the impact of the so called “bedroom tax” on
labour force participation outcomes and earnings largely mirror the results in section
A discussed above, though the impact of the policy seems to be more subdued. Pre
trends for all four panels are not indicative of a violation in the parallel trend assump-
tion. Panel A shows an upward trend in employment for the treated group, peaking at
an increase of employment of about 20 ppts for men and 12 ppts for women. Though
there are no statistically significant differences between mother and father outcomes,
coefficients on the mother subset suggest that the bedroom tax seemed to have had less
of an effect on mother employment than the council tax benefit. As with the council tax
results, I again see evidence of significant divergent trends in the unemployment for
both mothers and fathers. Once again, I see a disconnect between female employment
and unemployment explained by the increases in mothers staying at home in those
waves. Panel C results show that while an increase in labour earnings can be linked
to the bedroom tax, the effect is less pronounced when compared to section A panel
B. Differences in the log of total income for fathers shows a null effect, with decreas-
ing precision in the later waves which can be associated with sample attrition. I see
similar income trends for women when compared to the council tax results discussed
previously.

In summary, figure 2.1 results suggest that the WRA had an impact on employ-
ment trajectories, including increases in working hours and overtime hours, shown
in figure A.6, results that can be found in the supplement results section in the ap-
pendix. Compared to the hypothetical counterfactual trend without austerity policies
in place, the council tax and the bedroom tax have had a considerable impact on the
treatment group, along with growing employment and shrinking unemployment, I
see increases in labour earnings, and no large significant effect on total earnings for
fathers. The employment results suggest that there may be gendered differences on
the impact of the WRA, particularly concerning total income, in which our results sug-
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gest that mothers may have been worse off overall post treatment. The Roth pre-trend
test, which assesses the validity of the parallel trends assumption in difference-in-
differences analysis, indicates potential violations in this case. As such, these find-
ings should be considered as suggestive. While I do not formally test for statistically
significant differences across gender, all models are estimated with household-level
clustering to account for within-household correlation. Visual inspection of the confi-
dence intervals suggests potentially meaningful differences, particularly in the ability
of fathers versus mothers to offset lost benefit income through increased earnings, but
these comparisons are interpreted as suggestive rather than definitive.

The results for total benefit incomes are more ambiguous, particularly for single
women, as child support payments have increased (distinct from the child tax credits
altered under the WRA), while other social benefits have decreased. Despite the jump
in child support, austerity’s effect on mother total income was still negative, as shown
in figure 2.1.

2.5.2 Household Dynamics

So far, the results have primarily focused on the direct consequences of the WRA on
employment and income. However, the impacts of economic policies also often ex-
tend beyond the immediate realm of economic measures. In this section, I turn our
attention to a less immediately observable but equally consequential aspect where I
provide evidence to show that austerity has changed dynamics within households.
Above, in figure 2.1 I presented a particularly interesting finding where I show that
austerity has led to women experiencing negative, divergent trends in total income
compared to fathers. These unintended effects prompted us to look into some of the
potential externalities of these findings, where the differential impact on income be-
tween genders has the potential to significantly reshape family dynamics in a number
of ways.

In the following section, I will explore these effects, as well as other implications of
my findings. The aim here is to paint a more holistic picture of the impact of the WRA,
not just on the economic lives of individuals, but also on the social fabric within which
these individuals are situated. I believe that understanding these indirect effects is
crucial for comprehending the full scope of austerity’s influence and its long-lasting
socio-economic implications.

Relationships and Fertility Figure 2.2, Section A, Panel A, presents compelling results
that point to an increased rate at which mothers are entering into new marriages or re-
lationships in which they cohabit with partners. This effect is not mirrored for fathers,
where their results show that austerity did not impact their trends in relationships. I
can also see that mother and father trends are divergent, shown where the confidence
intervals separate. The pre-treatment point estimates suggest no evidence of differ-
ential pre-trends between treatment and control groups. While this is encouraging,
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Figure 2.2: Mother and Father Relationships and Fertility

Council Tax Treatment

Bedroom Tax Treatment

Note: Figure 2.2 above plots the estimated effect of austerity on variables related to
household dynamics. These results are broken into two sections, a & b, where sec-
tion a presents the effect of changes to the Council Tax Benefit and section b refers to
the“bedroom tax.” Here results are sub-setted by gender, with mothers shown in red
and fathers shown in black.
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it should be interpreted as suggestive rather than definitive, since the parallel trends
assumption fundamentally relates to unobserved counterfactual outcomes in the post-
treatment period.. The plot displayed in section b Panel A shows results for the same
outcome but displays the effect of the “bedroom tax.” I can see that these results fol-
low a similar trend but the effect is not as strong. For the “bedroom tax” results I still
find significant gendered differences between mother and father relationship forma-
tion, where pre-treatment estimates are stable. Note that the 6th post-treatment period
is omitted from the fertility analysis because there are no treated observations avail-
able in that period. This is due to attrition, which is more pronounced for outcomes
like fertility that are only asked of a subsample, and particularly so for respondents
affected by the Bedroom Tax. As shown in the appendix balance table, the number of
Bedroom Tax treated observations is substantially lower overall, making this combi-
nation especially vulnerable to sample loss over time. While this limits the ability to
observe longer-run effects for this subgroup, there is no evidence that attrition is sys-
tematically related to treatment timing or outcomes. Nevertheless, I interpret the fer-
tility estimates, especially in later periods, with caution, and acknowledge that sample
composition may partially influence observed trends.

It’s important to note that in cases where the panel is gender-balanced, we might
assume that relationships status’ by gender to trend together. The sample has an un-
equal gender distribution, with fewer men than women (58% women). On average,
men in the sample are more likely to be married, with 66% of males being married
in the pre-treatment period compared to 52% of women.20 Further, women make up
roughly 65% of the treatment group. These data features make it possible to capture
the gendered effect of the WRA on relationship status that this paper highlights.

Following this, I turn to the implications of the WRA on the incidence of divorce.
Figure 2.2 Panel B plots the estimated effect of the WRA on a binary variable which
notes if the individual is divorced. These results mirror the effect of the WRA on
marriage and cohabitating relationships and shows that changes to the council tax
benefit likely led to a decline in divorces for mothers. In Section B, Panel B, noting
the effect of the “bedroom tax” on divorce, the effect is again less strong, with wider
confidence intervals, but also provides supportive evidence of significant divergent
trends between women and men.

Next, Panels C in both sections of figure 2.2 re-affirm the previous results on changes
in family formation behavior. Here I find that women are increasingly less likely to
remain single in the post-austerity period. Again, I find that this trend diverges from
men, whose likelihood of remaining single in the aftermath of austerity measures re-
mained largely unchanged, or even slightly increasing in later periods. Once again,
this suggests that the effect of the WRA on relationship behavior demonstrates sig-
nificant changes and significant differences between genders. From these results, I

20This rose to around 56% in the post-treatment period.
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can infer that the socio-economic changes brought about by austerity have not only
impacted the financial and employment aspects of people’s lives but have also sig-
nificantly influenced their personal relationships and family structures. This paper
is the first to show the impact of fiscal tightening policies on marital decision mak-
ing. Finally, Panel D in both sections presents my results outlining the impact of UK
austerity on fertility decisions. Despite the marked impact of austerity measures on
relationship dynamics as previously outlined, I find no statistically significant effects
on fertility decisions for either mothers or fathers. However, the confidence intervals
around these estimates are relatively wide, particularly in later periods, meaning that
I cannot rule out the possibility of sizable positive effects in the short run and negative
effects in the long-run. As such, these null findings should be interpreted with cau-
tion. The absence of statistically significant variation in fertility amid austerity may
suggest that, while economic conditions influence relationship status and household
dynamics, their direct bearing on parenthood decisions remains less clear in this sam-
ple.

The findings above indicate that austerity may have influenced certain aspects of
personal and familial relationships. For mothers, there is evidence of an increase in
new partnerships or cohabitations, a gradual decline in divorce rates, and a reduc-
tion in the share remaining single following the onset of austerity. In contrast, men’s
relationship trajectories appear relatively stable. These patterns point to potential
gender-specific responses to economic pressure, suggesting that the effects of austerity
may extend beyond employment and income, subtly shaping relationship dynamics
as well. While not definitive, the results highlight how broader socio-economic shifts
can interact with intimate aspects of individuals’ lives.

Mental Health. Building on Section 2.5.2, which examines shifts in family formation
decisions, I now turn to explore the impact of austerity measures on mental health.
Figure A.11 in the Appendix presents results that outline the estimated effect of aus-
terity policies on the 12 mental health components that make up the GHQ. Here I do
not find any indication of austerity driven trends, or structural patterns for parental
GHQ responses. Some of this is likely due to the relatively large portion, roughly 1/3
of treated individuals, who were non-responsive to the GHQ portion of the UKHLS.
Father GHQ questions often have divergent pre-trends, raising specification validity
concerns related to the common trend assumption. For instance, coefficients for GHQ
questions associated with female decision making seem to be increasing, but this is
only speculative and statistically insignificant. Similarly, mother coefficients in the
post-treatment period for GHQ questions about feeling useful also appear to be con-
sistently increased in the post treatment period without being significant. I also tested
a comprehensive mental health score constructed using principal component analysis.
Similar to the standard comprehensive measure of mental health included in the un-
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derstanding society dataset, the constructed comprehensive mental health scores do
not seem to be influenced by austerity policies.

Figure 2.3: Parent Log Hours of Housework Per Week

Note: Figure 2.3 plots the estimated coefficients of the dynamic changes in the number
of hours mothers and fathers spend doing housework for the council tax treatment
group.

Housework. Figure 2.3 provides a continuation of the analysis on household dynam-
ics in presenting the estimated impact of austerity on the frequency (number of hours)
that household members spend doing housework. The housework hours outcomes
stem from a variable that asks participants how many hours per week they spend
doing housework, I then log transformed the original variable.21 This effect of auster-
ity on the frequency of housework can be understood as closely linked to the results
presented in figure A.6 where I show that both mothers and fathers significantly in-
crease their work hours post-austerity and subsequently have less time for household
chores. While imprecise and only suggestive, Figure 2.3 suggests that both mothers
and fathers may be spending less time doing housework in the post-treatment period.
Here, parents are reducing the amount of time they spend on housework by around
20 to 30 ppts, meaning that hours spent on housework decreased by around 3 to 4
hours.22

2.5.3 Austerity and Children

Parent Time Use. The previous section outlines that in the aftermath of the introduc-
tion of the WRA, benefit claimants increased their employment, a reduction of un-
employment, and an increase in the number of hours that mothers and fathers work.

21Excluding null or zero observations
22Parents exposed to austerity spent on average 15 hours per week on housework in the pre-treatment

period, a 20% reduction in 15 leaves us with 12 hours per week spent on housework, this corresponds to
a 3 hour reduction. Here the results are slightly more precise for women
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I then shift the focus onto the effect of these changes to the quantity of child inter-
actions, as parents are forced to adjust their time use in response to their increases
in labour market activities. As previously discussed, there is a large body of litera-
ture discussing the tradeoffs that parents make in their time use decisions (Cunha and
Heckman, 2008; Doepke, Sorrenti, and Zilibotti, 2019; Doepke and Zilibotti, 2017).
The UKHLS’s Understanding Society Dataset is limited in its inclusion of variables
that can be used to proxy child and parent interactions, with low response rates for
some of the most relevant questions. Figure 2.4 below outlines the impact of auster-
ity on the frequency of parental interaction proxied by the frequency of parent and
child meals. Here “meals with children” is the average number of times per week
parents share a meal with their children. Family meals, especially between parents
and children, have been found to play an important role in child development, and
have been linked extensively to important child outcomes (Horning et al., 2017; Jones,
2018; Price, Rodgers, and Wikle, 2021). These results also closely relate to figure 2.3
discussed above. While housework in itself cannot be seen as directly related to par-
enting, I can view this variable as a proxy which is indicative of home engagement
and responsibility (Norman and Elliot, 2015).

Parent Frequency of Having Dinner with Children

Note: This figure plots parental frequency of sharing a meal with children in the household. The figure
focuses on the impact of changes to the council tax benefit. The dinner frequency outcome is a binary
outcome indicating households below and above the pre-treatment average number of shared meals per
week.

Beginning with the impact of the council tax treatment on the binary variable for fre-
quency of sharing a meal with their children, shown in figure 2.4 , I can see that over-
all, the pre-treated periods are not suggestive of differential trends, which offers some
support for the parallel trends assumption. However, this evidence is inherently sug-
gestive rather than conclusive. The effect seems to be stronger and more significant
for fathers, specifically in the long run. While being careful to point out that these
results do not show significant difference in the post-treatment period, compared to
the pre-treatment period they do still provide some evidence to show a reduction in
the frequency of father child interactions.
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The divergent trends in housework hours, shown in figure 2.3 can be interpreted in a
similar manner to the dinner frequency results displayed in figure 2.4. Here, both fa-
ther and mother pre-treatment estimates are centered around zero, providing sugges-
tive evidence in support of the common trends assumption during the pre-treatment
period. Despite no periods of significant changes from the baseline period, the es-
timates are consistently lower in the post-treatment period. When observing these
results as a whole, the trajectory for trends in housework are suggestive of a negative
impact of austerity on housework hours.

When considering results for proxy measures of parent investment and household
engagement as a whole, despite not identifying significant and large negative diver-
gent trends, the results are suggestive of some negative impact of austerity policies on
parental and child interaction. As discussed further in Section 2.6, I should consider
survey limitations when exploring results on parental interaction and relatively lower
frequency of parental interaction and household engagement present in the treated
group during the pre-trend period. Due to the lack of granularity in the discrete fre-
quency variables used to proxy parental interaction, I can only capture certain specific
movements in the level of parental interaction. For instance, a common response to
the dinner frequency variable notes that parents may eat with children 3-5 times per
week, therefore I miss reductions of parental meals between these frequencies, this
effect is further compounded by the fact that many treated individuals respond in the
second lowest category of parental interaction in the pre-treatment period.

Evidence from the Youth File. The previous section shows that the WRA led to signifi-
cant increases in parental employment, a reduction in unemployment, and an increase
in the number of hours that parents work. The previous chapter also provides some
evidence of a reduction in household engagement, as mothers and fathers seem to be
decreasing the amount of time they spend doing housework, results also suggest that
fathers in the treated group may be decreasing the number of weekly meals they have
with children, especially in later post-treatment periods. While section 2.5.3 gives us
some insight into the impact of austerity policies on parental time investment, testing
observations from the child’s perspective allows us to more directly capture how chil-
dren’s lives changed as a consequence of austerity. This section addresses the effect
on parent child interactions from the child’s point of view. These results are subset-
ted by gender. There is a wide body of literature outlining gendered differences in
educational development (Beaman, Wheldall, and Kemp, 2007; Entwisle, Alexander,
and Olson, 2007) and importantly Bertrand and Pan (2013) found evidence to support
that boys are more responsive to being in “broken families” when compared to girls,
specifically related to the development of non-cognitive skillsets. This is particularly
relevant when considering my findings related to boy peer relationships, where boys
seem to be struggling to make and keep friends post-austerity.
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Figure 2.5: Boys and Girls Dinner with Parents

Note: Figure 2.5 plots the estimated coefficients of boys and girls having an average,
or above average number of meals with their parents per week. The plots cover the
effect of the council tax benefit abolishment and the bedroom tax benefit changes.

Primarily for boys, I can see that children who are members of households that were
exposed to austerity policies are significantly moving towards eating less than 5 meals
per week with their parents. I can see that the pre-treatment period for boys and
girls displays no diverging trends for boys exposed to the council tax abolishment,
with post-treatment period coefficients consistently declining, suggesting that there is
a causal relationship between the introduction of the WRA and decreasing frequency
of sharing a meal with parents. The effect is not as strong for girls with the estimates
being less precise.

In Figure 2.5 the estimates for boys are noticeably stronger and more precise than
the estimates for girls. Recent literature provides some insights into this, with Choe
and Yu (2022) reporting that adolescent boys are more likely to suffer negative effects,
such as deteriorating relationships and increased isolation, in response to neglect,
when compared to girls. One stark limitation of using the UKHLS for exploring child
outcomes is that only children over the age of 10 are observed in their own survey, dur-
ing ages in which parental interaction inputs play less of a role than in younger age
groups. The possible impact of reductions in welfare income on child non-cognitive
behaviors, such as social interaction and trust, warrants further in-depth investigation
to fully understand and address the potential long-term consequences. It is important
to emphasize that these effects were identified in spite of data limitations. The youth
file included in the UKHLS lacks granularity and precision, with many missing ob-
servations for the SDQ outcomes discussed above. This is combined with pre-existing
skew in the data towards high SDQ scores in the pre-treatment period for the treat-
ment group. Here, boys in the treatment group have on average higher SDQ scores
in the pre-treatment period, this makes identifying incremental increases in poor out-
comes difficult.
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2.5.4 Sensitivity and Heterogeneity

This section seeks to outline a number of sensitivity and robustness checks which have
been used to test the model assumptions. Here I focus on the main findings, discussed
in 2.5.1. The placebo section outlines and discusses a series of placebo tests used to test
the sensitivity of the results. The heterogeneity section explores the topic of treatment
effect heterogeneity and provides insight into sources of treatment effect variation.

Placebo Test. In this section, I conduct a series of placebo tests to assess the validity of
the common trends assumption and to check whether the estimated effects could be
driven by underlying trends unrelated to austerity. I change the treatment definitions
by adjusting the treatment timing to periods in which austerity policies had not yet
been passed. I preform the sensitivity analyses based on a set number of quarters re-
moved from the treatment period in increments of 3, 4, 8, & 12 quarters removed from
the treatment period. For instance, since the WRA was passed in April of 2013 (quar-
ter 2 of 2013) the first round of sensitivity analysis results test the specified outcome
with an adjusted treatment exposure time 3 quarters prior, in quarter 3 of 2012. Note
that the reference quarter displayed in the results will also be adjusted in accordance
with the quarter change increments explained above. Further sensitivity analyses fol-
low this logic with 4 quarters prior to the treatment exposure identified as quarter 2
of 2012, etcetera. These tests are informed and follow the guidelines for sensitivity
analyses outlined in (Rambachan and Roth, 2020). Results for the sensitivity analyses
can be found in the appendix A.2.

I preform the sensitivity tests outlined above on important labour force participa-
tion outcomes outlined in section 2.5. The analysis was performed for each treatment
separately, i.e., the council tax and the benefit tax and split by male and female. The re-
sults stemming from the sensitivity analyses show that the alternative treatment date
has very little to no effect on diverging trends post treatment. I can see that in the
alternative treatment exposure periods of 3, 4, 6, 8 and 12 quarters before April 2013,
estimated coefficients and confidence intervals show very little change or sensitivity
to the “fake treatment date.” One notable result that should be considered is displayed
in figure A.1 showing the placebo test for father employment. While the coefficients
aren’t statistically significant from zero, the last few quarters show a slight upward
trend in the coefficients, but not enough to cause great concern as these effects do not
carry into later waves.

This series of sensitivity analysis provides plausible evidence to suggest that paral-
lel trend violations or potential pre-trend confounding variables were likely mitigated
in the specification. As I have shown in the appendix section A.2 alternative treatment
definitions show no significant changes to the estimated outcomes.

Treatment Effect Heterogeneity and Sources of Treatment Variability. I also per-
formed a number of checks to probe treatment effect heterogeneity through various
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controls. Along with the parallel trend assumption, the possibility of heterogeneous
treatment effects across groups is important to consider, as it can complicate the inter-
pretation of average treatment effects in standard DID models (De Chaisemartin and
D’Haultfoeuille, 2022). However, certain features of the WRA’s implementation make
standard DID estimation more robust to treatment effect heterogeneity. De Chaise-
martin and D’Haultfoeuille (2022) outline a set of conditions under which variation in
treatment effects across groups does not bias the estimated average treatment effect on
the treated (ATT). My specification which outlines the impact of the WRA on parent
and child outcomes meets these three pronged sets of criteria being (i) treated indi-
viduals can only be assigned to the treatment group and this treatment status cannot
change, (ii) the treatment is binary and (iii) there is no variation in treatment timing.
This means that despite within-group differences, estimates of the average treatment
effect on the treated group are robust to heterogeneous effects. Still, I have completed a
number of additional analyses on specific sub-groups within the population to clarify
the effects of austerity.

Heterogeneity Analysis by Subgroups. I probe into the heterogeneity of treatment
effects on different demographic characteristics, such age sex, age, and ethnicity. First,
I tested the combined effect of the WRA on mothers and fathers together, this notes a
different approach from the gender specific estimates displayed in the results section
2.5. Figure A.4 in the appendix shows these main labour force and earnings results
on parents, which are not sub-grouped by gender, and include a gender specific co-
variate. I can see that these results are very similar to the ones displayed in section 2.5
with the exception of a few outcomes. Labour force participation variables, including
employment, unemployment, and working hours show the same smooth time trends
shown in the main specification findings. Results displaying austerity’s impact on in-
come mirrors the effect on women shown in the main specification but differs from
the male only subset results.

I also consider the role that ethnicity plays in the effects of austerity and in par-
ticular the differences between white and non-white survey participants. This angle
was informed by a recent paper, Pilkauskas et al. (2022), that highlights some impor-
tant differences on the effect of income changes for white vs. non-white subsets of the
population, where they find the effect of income losses due to universal credit were
significantly stronger for black families, when compared to white or Hispanic fami-
lies. When estimating the effect of austerity on white vs non-white observations, the
results are similar to those found in the main specification but are consistently lower,
also notable, those results are not significantly different from the white subgroup, see
Figure A.7.

Next, I examine the effects of austerity based on household indicators for low
socio-economic status by testing sample subsets of household members below and
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above the sample median income in the pre-treatment period.23 I again see that using
these subsets have little effect on the overall impact of austerity policies. When com-
paring the two groups, the above-median group’s employment trends do not look to
be increasing at the same rate as the below median subset. This is to be expected, as
those with above median income were more likely to be employed in the pre-treatment
periods. Similarly, the above-median income group has a much smaller sample size;
∼80% of treated individuals within the sample that fall in the “below median” SEC
category, see Figure A.8.

Propensity Score Weighting. As noted earlier, in section 2.3, I assess the compara-
bility of treatment and control groups using both pre-treatment balance checks and a
propensity score weighting approach. While the main DID specification already ac-
counts for time-invariant group differences, this re-weighting serves as a functional
form robustness check. Propensity scores estimate the likelihood of being assigned
to the treatment group based on observed characteristics (Olmos and Govindasamy,
2015), and allow for re-weighting the control sample to more closely resemble the
treated group. This helps address potential imbalances in observable covariates that
might otherwise lead to confounding (Austin, 2011).

The selection model includes all covariates from the main specification, along with
additional controls such as education, income, and employment. Estimated scores
are converted to weights and applied to the main specification. Results from this re-
weighted model remain closely aligned with those from the unweighted model, sug-
gesting that the findings are not sensitive to the method of covariate adjustment. The
full set of coefficient plots from this robustness check is shown in Figure A.9.

Rumbachan & Roth’s (2023) Check. As an additional robustness check, I applied the
sensitivity analysis outlined in Rambachan and Roth (2023) to the main difference-in-
differences results. This method relaxes the standard parallel trends assumption by
allowing for limited deviations in trends across groups. Specifically, it assumes that
the size of any deviation in the post-treatment period does not exceed a multiple (de-
noted as M̄) of the largest observed deviation between adjacent pre-treatment periods.
In this context, M̄ serves as a bound on the extent of potential violations of the parallel
trends assumption.

Rather than producing a single point estimate under the strict assumption of paral-
lel trends, this approach yields a set of plausible treatment effects (a partially identified
region) based on different levels of M̄. By examining how these intervals change as
M̄ increases, one can assess how sensitive the conclusions are to potential violations.
If the confidence intervals for a given M̄ remain bounded away from zero, it indicates
that the treatment effect remains statistically distinguishable from zero even under

23Here, binary variables for below and above pre-treatment medians were created
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some degree of trend misspecification. I report these robustness intervals to evaluate
whether my main results hold under increasingly relaxed assumptions.

The results of this test can be found in Section A.5. For most outcomes, the test
demonstrates that the effects remain robust under modest assumption violations, par-
ticularly for smaller M-bar values (i.e., 0.5 or 1.0). Confidence intervals in these cases
are consistent and significant, meaning that the estimated effects remain stable and
unlikely to be driven by minor assumption violations. When examining outcomes
like mothers’ paid employment and father unemployment, the results show strong
robustness under smaller violations. Confidence intervals remain stable and signifi-
cant, suggesting that the treatment had a meaningful impact even when allowing for
slight deviations from strict parallel trends. Similarly, for outcomes such as mothers’
marital status and labor earnings, robustness is observed under lower M-bar values.
However, sensitivity increases as deviations grow larger, with confidence intervals
eventually including zero.

In contrast, outcomes related to total income (for both fathers and mothers) and fa-
ther labor earnings exhibit greater sensitivity to larger M-bar values. While the effects
are detectable under smaller deviations, allowing for larger violations leads to signif-
icant widening of confidence intervals, often including zero. These patterns under-
score the challenges of maintaining robust causal interpretations for income-related
outcomes under more relaxed assumptions.

Overall, the sensitivity analyses shows that most treatment effects hold up well
under stricter assumptions about parallel trends. However, the results for mothers’
marital status and labor earnings stand out as less stable. When allowing for larger
deviations from the parallel trends assumption, the confidence intervals for these out-
comes widen enough to include zero, which suggests the effects might not be as reli-
able under more relaxed assumptions.

While smaller deviations align with what we’d expect based on economic intu-
ition, the sensitivity in these specific outcomes is a reminder to interpret them with
some caution. Even though this doesn’t take away from the main conclusions about
the treatment’s effects overall, it’s worth noting that these particular results for moth-
ers might need a closer look in future analyses.

2.6 Discussion

This section seeks to provide a detailed discussion, to complement the results previ-
ously displayed in section 2.5. In approaching questions about the impact of austerity
policies on employment outcomes and the wider social impact of these policies, the
approach was two-fold. First, I began with an inquiry into the intended effects of the
policy. Following this, I then used these findings to inform the analyses that outline
some of the unintended effects associated with austerity, including the impact that the
policy had on wider social dynamics.
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The analysis on the intended effects of austerity policies further support the grow-
ing body of evidence showing that austerity policies have been successful in driving
employment and increasing work hours (Alesina, Favero, and Giavazzi, 2019; Fetzer,
2019). Here, I also find that austerity led to significant measurable increases in em-
ployment and a reduction in unemployment. While this general story aligns with that
of the previous literature, these results provide insight into the effect of austerity on
parents and presents new evidence for this demographic.

On the topic of the divergent trends in total incomes by gender, shown in Panel
D of Figure 2.1, the effect can can be viewed as a direct consequence of diminishing
benefit incomes. Leading up to austerity, mothers significantly benefited from vari-
ous social programs designed to support children which were subsequently cut. For
example, In the UK context, austerity led to cuts in child benefits and a reduction in
pregnancy-related grants intended for mothers (Adam and Browne, 2013; Karamessini
and Rubery, 2013; Perugini, Žarković Rakić, and Vladisavljević, 2019). With this in
mind, it makes sense that when those benefits are reduced, mothers, have more dif-
ficulty replacing their lost benefit incomes. While this paper assigns treatment based
on benefit receipt at the household level, this potential explanation is particularly rel-
evant for single mothers.

In addition to diverging income trends, austerity measures appear to have also
influenced mothers’ decisions on marriage and divorce. The unintended effects of
austerity measures could have led to significant disruptions in household dynamics,
primarily through the mechanisms of bargaining power and economic independence.
Where evidence shows that total income trends for men and women diverged under
these measures, it is possible that women’s bargaining position within households was
affected. This effect has can have implications for women’s decision-making capabil-
ities, particularly impacting their freedom to end marital relationships. Simultane-
ously, austerity measures undermined women’s economic independence.24 This loss
of financial autonomy pushed women into a precarious position. As their economic
independence declined, women may have been more likely to enter relationships for
economic stability rather than personal preference.

Finally, this research also unveils another interesting result that indicates that aus-
terity resulted in a decline in the frequency of housework undertaken by parents. As
introduced in section 2.6, figure 2.3 suggests that while this effect is true for both moth-
ers and fathers. I can view this result as a confirmation of the results I previously
discussed. When parents are increasing their employment along with the hours they
spend at work, this can act as a time constraint, leaving less time for other activities
(Lenhart, 2019), including household activities such as household chores and parent-
ing (Carlson, Petts, and Pepin, 2021; Crandall-Hollick, 2018). When viewing figure
2.3 it is important to consider the gender discrepancy of time spent doing housework

24See Figure 2.1
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in the pre-treatment period. In the pre-treatment period mothers, on average, spent
approximately 16 hours per week on housework, significantly more than fathers, who
only contribute around 7 hours weekly. In 2.3, we see similar incremental changes in
the frequency of doing housework (of around 20-30 ppts), both mother and fathers,
meaning that although both genders are spending less time doing household chores
than before, women are still shouldering more of the burden post-treatment, despite
increasing their labour market activities.

In reference to section 2.5.3 I also examine how austerity can influence children’s
lives. My inquiry into the effect of austerity on children stems from the evidence
showing how austerity policies have pushed parents into the workforce, effectively
acting as a time constraint. Previous literature on parental time use notes that there
are roughly four ways that parents can choose allocate their time: employment activi-
ties, leisure, housework, and parenting (Carlson, Petts, and Pepin, 2021). With this in
mind, I would expect that the increase in working hours displayed in Figure 2.1 lead
to a reassessment of the ways that parents allocate their time. It’s clear that under-
standing the impact of austerity measures on parental interaction is notable because
of the significant role these interactions play in child development and wellbeing. A
reduction in these interactions due to increased parental work hours can potentially
lead to long-term negative effects on a child’s educational outcomes, emotional health,
and overall life prospects (Cunha and Heckman, 2007; Doepke, Sorrenti, and Zilibotti,
2019).

In Figure 2.5 we show that austerity has caused a decrease in the quantity of time
that they spend with children, as shown by the reduction in parents sharing meals
with children. It can be argued that these estimates should be seen as a conservative
estimate. For instance, despite the high levels of unemployment, those who were iden-
tified as benefit recipients in the pre-treatment period consistently responded to hav-
ing lower household interaction in the pre-treatment period. I used a simple two-way
t-test to compare the pre-treatment responses between the treatment and untreated
groups and found that untreated individuals shared an average of six meals per week
with their children, as compared to three to five meals per week in the treatment group
(p <0.05). This has implications for estimating the effect on this outcome i.e., if parents
in the pre-treated period were having dinner five times a week with their children, and
subsequently reduce this frequency to three times a week, the observed frequency of
dinners in the survey would be the same due to the low granularity of the data. Mean-
ing that, these results only capture families that reduce their dinners from 3-5 times
per week to 2 times per week, barring those parents that do not share meals at all. This
is a theme that also had a considerable impact on the GHQ results, where results on
mental health outcomes (including GHQ scores) were imprecise and unclear. These
results have important implications for children, as several papers in the child devel-
opment literature solely focus on the importance of family meals, finding that regular
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family meals can lead to improved child wellbeing, including better peer relationships
(Horning et al., 2017; Mishra et al., 2021; Price, Rodgers, and Wikle, 2021). Along with
this, my evidence on reductions in time spent doing housework can be viewed as a
proxy for parental interactions (Norman and Elliot, 2015). With more detailed data
on parent-child interaction, I could further explore not only the quantity, but also the
quality of parent-child interaction.

Outcomes observations from the youth file provide even more compelling and
substantial evidence for this decrease in parental interaction. Figure 2.4 outlines the
results from the child’s perspective where the post-austerity estimates consistently
point to declining frequency in sharing meals with their parents. Once again, with
children in the youth sample having on average a lower frequency in the number
of meals and the frequency of talking with their parents in the pre-treatment period,
it can be argued that these parental interaction estimates could be considered lower
bound estimates. This issue effectively caps the available range in which I can capture
downwards trends in measured parental interaction.

I explored a wide range of child outcomes to assess the impact of austerity on chil-
dren. Notably, I explored the effect of austerity on risk behavior, mental health, and
peer relationships.25 While some of these results seemingly point to a decline in peer
relationships for boys, ultimately the results were too imprecise with wide confidence
intervals.26 This theme raises an important question: given the observed changes in
household dynamics and parental interaction, why is there not more conclusive evi-
dence of the WRA’s impact on child outcomes?

One explanation lies in the literature on child development, which highlights the
tradeoff between time investments and financial resources. Increased labor supply
may raise earnings but also reduces time available for parenting. The income ef-
fect suggests that higher earnings allow for greater investment in child development,
while the substitution effect reflects the cost of reduced parental time (Agostinelli and
Sorrenti, 2021; Pieters and Rawlings, 2020). In this context, however, I do not observe
clear increases in household income despite higher employment rates, limiting the po-
tential for greater monetary investment. Thus, the substitution effect may dominate,
but without corresponding income gains, making it difficult to observe short-term de-
velopmental improvements.

That said, the evidence is not definitive. Some child outcomes such as peer rela-
tionship scores for boys display wide confidence intervals. While these are not sta-
tistically significant, the imprecision means I cannot rule out potentially meaningful
effects. This underlines the limitations of the current analysis: although the point es-

25See Figures A.12 and A.13 in the Appendix for the effect of the WRA on overall SDQ scores for girls
and boys.

26In total, I tested 21 youth related outcomes, these included the 5 component SDQ breakdown, out-
come variables on relationships with peers and parents, and questions which relate to risky behavior. As
explained, these were all insignificant with wide confidence intervals, meaning that the policy had no
strong or significant effects. For brevity, these results are excluded from the paper.
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timates suggest limited movement in most child outcomes, the uncertainty around
some estimates prevents strong conclusions. My findings therefore reflect both the
theoretical ambiguity in expected effects and the empirical constraints of the data.

In conclusion, this study highlights the potential for austerity measures to generate
unintended consequences within households. While these policies were implemented
with economic objectives in mind, the findings suggest they may have contributed
to changes in familial structures and personal relationships, particularly for mothers.
These patterns may reflect shifts in economic independence or bargaining dynamics
within households, though I do not directly test these mechanisms. Although I do not
find clear evidence of impacts on most child outcomes, this does not rule out the pos-
sibility of longer-term consequences—especially given observed changes in parental
behavior and the potential for reduced parental interaction. This is particularly rele-
vant for younger children, who may be more sensitive to changes in their caregiving
environment. Given the uncertainty in some estimates and the potential for delayed
effects, further research is needed to assess the longer-run implications of these policy
changes.

Our research underscores the importance of carefully considering the full range
of potential consequences, particularly the effects on household dynamics and child
development when implementing significant policy changes such as austerity mea-
sures. I highlight the complex interplay between macroeconomic policy, personal eco-
nomics, and social outcomes, reinforcing the notion that economic decisions are rarely
isolated from the broader fabric of societal dynamics. By bringing these nuanced ef-
fects to light, I hope to contribute to a more holistic approach to policy evaluation and
development, one that consider the intersectionality of economic, social, and familial
factors.

2.7 Conclusion

In this paper I delve into the multifaceted implications of fiscal tightening policies on
household dynamics, familial relationships, and family planning, by analyzing the
effect of austerity policies in the UK. While a substantial library of literature exists
on the impact of austerity policies on labour force participation and earnings, litera-
ture focusing on the wider social implications of fiscal tightening programs is sparse.
The UK government’s Austerity policies, and notably, the Welfare Reform Act of 2012
(WRA), provides an interesting application for this research, with advantageous char-
acteristics for causal inference techniques, including binary treatment assignment and
timing. I implement an event study model specification to capture the dynamic trend
effects on parents and children who were exposed to austerity through the implemen-
tation of the WRA by making use of the Understanding Society Dataset, a compre-
hensive panel survey spanning from 2010 - 2019. I extend the event study model to
study three main themes, beginning with the intended economic effects of austerity
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policies, followed by the estimated impact on family dynamics and finally, I research
the impact on children by making use of the understanding society’s youth survey.
Here, Exposure to austerity is measured by being exposed to either the council tax
benefit abolishment or the so called “bedroom tax.” These two policies made up the
bulk of reductions in social welfare benefits leading to a combined income reduction
of around 1,100 GBP per year on average.

I find significant and considerable increases in the margin and intensity of labour
market activities for both mothers and fathers, as parents seek to replace benefit in-
comes lost by austerity. With employment trends around 12 ppt higher in the post-
treatment period, unemployment trends down at around 15 ppts and labour income
rises considerably, over 50 ppts for fathers and mothers. We find suggestive evidence
showing that effect on total income is different for mothers and fathers, with slight
increases in total income, but some reductions in incomes for mothers, peaking at a
20 ppt total reduction. In addition to the economic effects, I find that austerity poli-
cies have had implications for household dynamics and familial relationships, where
women in the treatment group significantly reduce the rate of divorce (by around 5
ppts) and increasingly enter into new cohabiting relationships and marriages (∼10
ppt increase in post-treatment marriages). I recognize that these effects can largely be
attributed to a single primary mechanism in each case. Results concerning a decrease
in the number of divorces can be attributed to changes in household bargaining power
as a result of the diverging trends in total incomes between women and men, where
women feel trapped into relationships. Further, the results which outline increases
in getting into relationships are likely driven by decreases in economic independence
also associated with these divergent income trends. As their economic independence
decreased, women were found to consider entering into relationships more for eco-
nomic stability than personal preference. This shift in relationship dynamics under-
scores the far-reaching social implications of austerity policies, extending beyond their
primary financial intent.

Furthermore, austerity resulted in a decline in the frequency of housework under-
taken by parents. When parents are increasing their employment along with the hours
they spend at work, this can act as a time constraint, leaving less time for other activi-
ties, including household activities such as household chores and parenting. This has
led to significant decreases in household activities, such as sharing meals with chil-
dren, and spending time at home doing housework, directly caused by the WRA.

In terms of the impact on children, I have shown evidence of well identified de-
creases in parental interaction, such as sharing meals with their children (∼20 ppt
decrease in family meals for boys). This decrease in interaction is a direct consequence
of austerity policies that have pushed parents, into the workforce, effectively acting as
a time constraint. Observations from the youth file confirm the results from the main
file as these results are also indicative of a decrease in the frequency of family meals.
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Parental interaction plays a crucial role in child development and is closely linked to
the quality of peer relationships (Carneiro et al., 2015; Henney, 2016). However, these
results do not indicate significant changes in child outcomes, suggesting that the de-
creased frequency of parental interaction may not have been substantial enough to
produce measurable effects

In conclusion, this study reveals the some of the unintended consequences that
Welfare Reform Act had on the intricate dynamics within households. We’ve shown
that these policies, while designed with economic objectives in mind, led to signif-
icant disruption in familial structures and personal relationships. I also extend the
analysis to examine impacts on children and parental interactions. While increased
parental employment is observed, the findings suggest no significant increase in total
household income. This may explain the limited short-term effects on children, as any
potential benefits from employment are not accompanied by additional financial re-
sources. The long-term consequences, particularly for younger children who are more
sensitive to changes in their environments, remain an important area for further ex-
ploration. This research underscores the importance of carefully considering the full
range of potential consequences, particularly the effects on household dynamics and
child development, when implementing significant policy changes such as austerity
measures.
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Chapter 3

School Discipline Reforms and Their Impact
in Oklahoma City

3.1 Introduction

Over the past two decades exclusionary discipline practices, such as out-of-school sus-
pensions and alternative placements, have drawn significant criticism. Despite the
growing evidence that deterrence-based discipline approaches in school settings can
be linked to multiple negative outcomes, including declines in academic achievement
(Anderson, Ritter, and Zamarro, 2019), increased dropout rates (Bennett, Contreras,
and Cerda, 2022), students’ feelings of alienation, and the widening achievement gap
among minority students (Gopalan and Nelson, 2019; Gregory, Skiba, and Noguera,
2010), nearly 5% of U.S. public school students face out-of-school suspensions each
year (De Brey et al., 2019). Within this context, compared to white students, African
American students are nearly three times more likely to be suspended or expelled
(Nowicki, 2018). Here, the consequences can be far reaching, with growing concern
over the so-called “school-to-prison pipeline” (Skiba, Arredondo, and Williams, 2014).
In response to this, policy makers have started to implement less punitive discipline
approaches, which aim to emphasize support and inclusion over punishments like
school suspensions.

Recent literature has linked less punitive discipline approaches to more inclusive
school environments, reduced instances of school violence, and improvements in aca-
demic achievement (Craig and Martin, 2023; Gallego, Oreopoulos, and Spencer, 2023;
Perry and Morris, 2014). On the other hand, this approach has been associated with
negative externalities. A separate branch of the literature suggests that exclusionary
discipline policies can benefit better performing students (Carrell and Hoekstra, 2010;
Pope and Zuo, 2023) by protecting them from negative spillovers associated with stu-
dents from less stable home environments. For example, Carrell and Hoekstra (2014),
concluded that children from troubled families and those who have experienced do-
mestic violence significantly decrease classroom reading and math test scores and in-
crease incidents of school misconduct. Further, Pope and Zuo (2023) provides a frame-
work for understanding how policies that lead to reductions in school suspensions can
drive declining test scores. The paper suggests that without exclusionary discipline
policies, the additional time spent on children who are more prone to misbehavior or
need additional support can act as a time constraint for teachers27. It should be men-
tioned that these effects could be purely mechanical or compositional, where the stu-

27These findings suggest that teachers may spend less quality time with better performing students.
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dents that would have been excluded had the policy not taken place might have lower
test scores on average, leading to the estimated negative impacts that they find.28

We focus on a comprehensive discipline reform that occurred in Oklahoma City
School District (OKCSD). Here, the policy intended to implement a shift away from
zero-tolerance punitive measures in favor of promoting inclusion and student sup-
port. OKCSD implemented a package of policy interventions that were designed to
foster positive school climates and address disproportionate exclusionary discipline
practices for sets of marginalized students. Using administrative data from Okla-
homa, this paper employs a Synthetic Difference in Differences (DID) approach to
understand the policy effect on a range of student outcomes at the school level includ-
ing rates of student suspensions, absenteeism, math, reading, and sciences test scores.
Additionally, by leveraging the FBI’s Uniform Crime Reporting (UCR) Arrests by Sex
and Race (ASR) datasets, we explore the impact of these policies on crime.

Evaluating large, national level FBI crime data using SDID served as a challenge
because control units outnumbered our single treated unit by 4000 observations.29

Thus, informed by recent computer science literature (Agarwal, Shah, and Shen, 2020;
Bayani, 2021; Kinn, 2018), we improved the comparability of our control group by
implementing the K-means clustering algorithm described in Hartigan (1979). To do
so, we used sub-county and metropolitan area census data to identify cities with char-
acteristics comparable to Oklahoma City, to ensure the control group includes suit-
able comparisons. After applying the K-means clustering algorithm, we reduced the
control group to 201 unique police agencies with complete data, improving the bal-
ance and relevance of control units and enhancing the stability of SDID unit and time
weight estimation. This approach provides a straightforward solution to a novel prob-
lem, as the SC and SDID methods gain prominence.30

In the short term, OKCSD’s reforms led to a nearly 50% reduction in total school
suspensions, which serves as evidence that the district’s shift away from punitive dis-
cipline policies was implemented as intended. However, the policy had mixed effects
in other areas. I interpret this change primarily as a first-stage check confirming the
policy was enacted and had immediate effects on disciplinary practices, rather than
as a standalone behavioral outcome. Absenteeism rose by 4% and the effects on aca-
demic performance varied by subject and grade. After the reforms, 7th grade math
scores rose by about 7%, as did 8th grade science scores. In contrast, 6th grade reading
scores declined by around 11%. Our most notable findings provide evidence of signif-
icant spillover effects on adolescent lives outside of school, where we show total youth
crime rates within the police agency covering OKCSD fell by nearly 23% as an effect

28This is a phenomenon outlined in Angrist (2014) in a discussion about the pitfalls of the researching
peer effects.

29In setups with such large disparities between the number of treated and control units, synthetic
control settings struggle with overfitting, see section 3.5.2 for an overview of this problem.

30This method only applies to our outcome on youth and adolescent arrests, as this is the only outcome
that makes use of the FBI’s ASR dataset.
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of the policy. To support our findings, we provide a set of robustness checks that in-
clude SDID event study output and additional placebo tests. Amid ongoing debate in
the literature regarding the effects of more inclusive discipline approaches, this paper
demonstrates that inclusive school discipline approaches, such as those implemented
in OKCSD, result in an immediate reduction in adolescent arrests.

3.2 Literature

We contribute to the ongoing discussion on the impact of inclusive discipline policies
on school-level outcomes, as the limitations of exclusionary discipline techniques are
increasingly recognized. These limitations include the trade-offs posed by potential
negative spillovers in more inclusive school environments and the challenge of bal-
ancing effective discipline with fostering a supportive learning atmosphere. While
some studies emphasize the benefits of limiting exclusionary discipline (Craig and
Martin, 2023; Gallego, Oreopoulos, and Spencer, 2023), such as Lincove, Mata, and
Cortes (2024), which examined Maryland’s statewide ban on suspensions for young
children and linked these changes with a reduction in overall infractions31. Others
highlight unintended consequences associated with permissive discipline, including
declining test scores and more disruptive classroom dynamics (Pope and Zuo, 2023).
The findings in the literature remain fragmented, reflecting both promise and caution.
Our paper addresses a critical gap by offering a comprehensive analysis that not only
explores the complex interactions between reducing school exclusions, disciplinary
practices, and student outcomes but also examines the broader implications for stu-
dents’ lives beyond the school environment, including arrests.

Here, where the direct routes of policy implementation are mostly untestable, we
lean on the previous literature and economic theory to guide our discussion. While
our effects on suspensions can be seen as a direct effect of the policy, which imple-
mented several reforms which have previously been linked with lowering the suspen-
sion rates, including implementing Positive Behavioral Intervention Strategies (PBIS)
and the hiring of school guidance counselors (Carrell and Hoekstra, 2014; Gage et al.,
2020; Gallego, Oreopoulos, and Spencer, 2023), the effects on absenteeism, test scores,
and crime require more nuanced analysis.

The significant increase in absenteeism could be due to several factors, including
the idea that students who might have been suspended before now feel less discour-
aged from skipping class because the consequences are less severe.32 Alternatively,
these might be purely substitution effects, where students who would have previously
faced suspensions might be substituting suspensions with absenteeism (i.e., students
disengaging from school but avoiding overt misbehavior).

31This study focuses on children in kindergarten through 2nd grade.
32This idea links back to Becker (1968) and his model on crime and incentives
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We observe differential effects on school academic performance, and find evidence
of declining reading scores but improvements in math scores. Here, some of these
effects might be driven by shifting social and teaching dynamics within schools.

Given that OKCSD primarily targeted a reduction in suspensions, which dispro-
portionately affect boys (Kothari et al., 2018a), a potential unintended consequence
may be an increased focus on more structured subjects, such as math and science.
This emphasis could come at the expense of less structured subjects, like reading, pos-
sibly due to classroom disruptions or challenges in maintaining student interest. The
literature on the gender gap in math scores is helpful in explaining how social struc-
tures within the classroom can give comparative advantages to distinct groups of stu-
dents (Breda, Jouini, and Napp, 2018; Garcı́a-Echalar, Poblete, and Rau, 2024; Guiso
et al., 2008). In OKCSD’s case, where teachers were subjected to re-training programs,
shifts in how teachers address classes might explain the observed gains in math perfor-
mance. Where boys could have disproportionately benefited from the reform’s focus
on classroom inclusion, at the expense of classes with less structured teaching. This
mechanism can be understood as complementary to the scenario in which reading
scores drop due to class disruption. Still, we expect some of this composition effect to
be cancelled out by the increasing rate of absences.

There are currently no papers that we are aware of that discuss the short-term
effects of school suspension reduction and adolescent arrests. Still, there is some pre-
existing evidence on long term effects of exclusionary discipline policies. Wald and
Losen (2003) finds that being subjected to school suspensions increases the probability
of being arrested as an adult by up to as much as 20% Bacher-Hicks, Billings, and Dem-
ing (2019). Further, descriptive evidence shows that school suspensions are associated
with crime outside of school (Wald and Losen, 2003). This paper is the first papers
to use quasi-experimental and causal inference techniques to describe the impact of
school discipline reform on youth crime. We suggest the effects on crime can be un-
derstood as either spillover-effects led by the benefits of creating a more inclusive and
supportive educational framework or a purely mechanical effect, where adolescents
kept in school do not commit crimes. This former idea is relates to Alan et al. (2021)
which studies the effect of teacher re-training programs in Turkey and find that the
policies had largely positive effects and led to a reduction in school violence, bullying,
and social ethnic segregation among students. They suggest that these findings were
primarily driven by more school cohesion

These results have important implications for both education and criminal justice
policy. Here, there is little evidence on the mechanisms through which schools can
have an influence on youth behavior, suggesting that policies aimed at fostering a
more inclusive, supportive, and nurturing learning environment have the capacity to
yield benefits that extend beyond academic achievements, shaping youth behavior
and reducing adolescent involvement with the criminal justice system.
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3.3 Institutional Background

The early 2010s marked a significant turning point in the approach to school discipline
in the United States. Skyrocketing suspension rates sparked growing concern over
the prospect of a ‘school to prison pipeline’ (STPP) (Skiba, Arredondo, and Williams,
2014). In short, the STPP refers to a framework describing policies and practices, par-
ticularly in school discipline and juvenile justice systems, that reduce students’ aca-
demic success and increase their risk of negative life outcomes, including involvement
in the juvenile justice system. Given these concerns, the trends in rising suspensions
raised concerns about the fairness of disciplinary practices and their broader conse-
quences, such as higher dropout rates and increased contact with the law (Mowen
and Brent, 2016). Juvenile arrests have been linked with negative long-term outcomes,
including lower economic attainment later in life, lower high school completion rates,
and an increased probability of being arrested as an adult (Aizer and Doyle Jr, 2015;
Siennick and Widdowson, 2020). In 2014, these concerns manifested in the form of
the Department of Education and the Department of Justice’s ’Dear Colleague’ letter
which aimed to address widespread racial disparities in student discipline practices.
The letter positioned the growing problem as a potential Title VI violation under the
Civil Rights Act of 1964, which prohibits race, color, or national origin discrimination
in federally funded programs. The letter included a series of key recommendations to
address the STPP by promoting safe, inclusive, and positive learning environments.
Following the letter, the Office for Civil Rights (OCR) within the U.S. Department of
Education began a formal inquiry to assess the scope of the problem.

3.3.1 Civil Rights Project Report

In this context, OKCSD found itself at a crossroads. In 2015, the UCLA’s Civil Rights
Project released a study Losen et al. (2015), that offered compelling descriptive evi-
dence of widening disparities in student discipline and academic achievement across
the 2000s to the early 2010s. The analysis showed a steady increase in the use of sus-
pensions over this period. The report also provided an analysis on the growing dis-
crepancies in the use of suspensions by race, where the disciplinary gap between white
and black student suspensions was shown to be around 7% in Oklahoma.33

OKCSD was mentioned in the report numerous times and was found to have the
10th highest student suspension rate in the country, out of all 13,300 school districts,
at 45.2%.34 In the appendix, school districts problematic suspensions were outlined.
Here they show that OKCSD suspended 75% of all black male students at least once
in the 2011-2012 school year. During this same time period, the ethnic discipline gap

33For reference, the highest disciplinary gap between white and black students was found in Missouri,
at 12.5%.

34This statistic denotes the proportion of the total student body in OKCSD who were subject to out of
school suspension (OSS) in 2011.
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widened substantially for black children, by 12.6% for elementary school students and
by 21.7% for middle and high school students between 2009 to 2012. In effect, the
report identified OKCSD as a district with profound systemic issues, as evidenced by
Black students being approximately 63% more likely to be suspended than their peers
from other ethnic backgrounds.

3.3.2 OKCSD’s Federal Investigation

In the lead-up to the UCLA Civil Rights Project’s study, OKCSD was already being
monitored by the U.S. Department of Education’s Office for Civil Rights (OCR). The
scrutiny began on February 19, 2014, when OCR received a complaint alleging dis-
crimination on the basis of race and disability within OKCSD. The complaint initiated
a formal investigation (OCR Docket 07141086), detailed in a letter to district officials.
The allegations, though redacted for privacy, led to a thorough review. The review
was conducted under Title VI of the Civil Rights Act of 1964, Section 504 of the Reha-
bilitation Act of 1973, and Title II of the Americans with Disabilities Act of 1990, which
collectively prohibit discrimination based on race, color, national origin, and disability
by recipients of federal financial assistance.

By 2015, with the release of the UCLA study highlighting severe disparities, the
context and urgency for the OCR’s investigation became even more pronounced. The
investigation and the subsequent policy changes it catalyzed were pivotal, marking
a significant effort by OKCSD to overhaul its discipline policies and practices to en-
sure a more equitable and inclusive educational environment. Rob Neu, OKCSD’s
superintendent at the time, stated

“What we’ve found through this audit is that we’ve kind of relied on out-
of-school suspension as our imbedded way of handling student discipline
and that needs to stop... the national data suggests that if we don’t change
our trajectory for how we are handling these students, how we are engag-
ing these students, then they’re not only going to be dropouts, but they’re
likely going to be prematurely incarcerated, or dead” (Wendler, 2015).

This set the stage for the comprehensive policy changes analysed in the study,
demonstrating OKCSD’s attempt to rectify the systemic issues highlighted by both
the OCR investigation and the UCLA report.
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3.3.3 Timeline of Policy Changes

Figure 3.6: Timeline Of Events

Note: Figure 3.6 above provides a timeline of events leading up to OKCSD’s resolution
agreement with the Office of Civil Rights.

As a consequence of the 2014 investigation, on April 7, 2016, the Office for Civil
Rights (OCR) and Oklahoma City Public Schools District (OKCSD) formally agreed to
undertake significant reforms to ensure compliance in the form of a resolution agree-
ment35. Key among these reforms was the adoption of Positive Behavioral Interven-
tions and Supports (PBIS) aimed at fostering a more inclusive and equitable school en-
vironment. Additionally, the agreement mandated comprehensive retraining of staff
to ensure disciplinary actions are fair and do not disproportionately impact students
based on race. The agreement required OKCSD to revise their student code of conduct
to more clearly define offenses and disciplinary procedures, thereby reducing subjec-
tive interpretation and ensuring consistent disciplinary action was taken across the
district. Finally, the agreement stipulated that the district carry out staff level assess-
ment of counselors and student support staff.

The primary changes outlined in the resolution agreement that comprise of the
policy change which first occurred in the 2015-2016 school year include:

1. The Adoption of Positive Behavioral Interventions and Supports (PBIS) strate-
gies in OKCSD: A cornerstone of the reform is the implementation of PBIS,
an evidence-based framework designed to enhance school climate and culture.

35This agreement was legally binding and OKCSD was required to undertake the measures outlined
below.
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PBIS aims to reduce disciplinary incidents through proactive strategies for defin-
ing, teaching, and supporting appropriate student behaviors. By adopting PBIS,
the Oklahoma City Public Schools District (OKCSD) commits to creating a more
inclusive and supportive environment that promotes positive behavior and min-
imizes the need for disciplinary actions that remove students from the educa-
tional setting. In essence, the adoption of PBIS strategies created a structured
approach to cultivating supportive classroom settings, where before implemen-
tation, OKCSD had no specific protocols or structures. As an example, the PBIS
approach has a 4 step guide which begins with step 1 ”creating positive teach-
ing and learning environments,” with 5 sub actions to implement the aforemen-
tioned step. One sub-step in this category, titled ”Establish Positive Connec-
tions” gives a number of steps which must be taken to achieve this goal. These
steps include ”aligning and integrating family engagement in PBIS,” suggesting
a number of approaches including ”home-visits” and a though exercise for how
to better work with parents of in need children36.

2. Staff Re-training Carried Out by OKCSD and an External Advisor, “The Learner
First”: Recognizing the importance of staff competence in the successful imple-
mentation of PBIS and the new code of conduct, the agreement stipulates com-
prehensive retraining for teachers, administrators, and school aides. This re-
training, supported by both OKCSD and the external educational services com-
pany“The Learner First” focuses on equipping staff with the skills necessary to
administer discipline fairly and equitably, manage classrooms effectively, and
apply de-escalation techniques. The training also emphasizes the importance
of maintaining a safe and orderly educational environment that is conducive
to learning for all students. Some notable examples of approaches which were
outlined in the Learners first program include slogans such as ”Equal treatment
leads to unequal outcomes,” and ”Parents are by far the best experts of their own
children, and we need their expertise to get this right.”

3. A Redefined Code of Conduct to Reduce Discretionary Suspensions: To ad-
dress the issue of discriminatory discipline practices and reduce the reliance on
subjective judgment, the resolution agreement includes a comprehensive review
and revision of the district’s Student Code of Conduct. The redefined code aims
to eliminate vague and subjective categories of offenses, thereby reducing dis-
cretionary suspensions and ensuring a more objective and consistent approach
to discipline. By clarifying definitions of misconduct, establishing clear criteria
for disciplinary actions, and promoting alternatives to suspension or expulsion,
OKCSD seeks to ensure that disciplinary practices are fair, equitable, and do not
disproportionately affect students of any race or background. One notable ex-

36See more information on PBIS steps in (PBIS.org, 2020)
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ample of the changes which took place revolve around attendance related disci-
pline, prior to the policy changes, students which leave ”the classroom, assigned
area, or campus without prior consent from appropriate school personnel.” were
subject to school suspension, an updated 2016 code of conduct from the district
states in bold that ”students may not be suspended for walking out of class,
assigned area, or campus” 37.

4. An Assessment of Staffing Levels of School Mental Health Workers: Impor-
tantly, OKCSD committed to assess the staffing levels of school counselor’s and
administrators in each school. Following this, the district agreed to carry out
staff hires that will be specifically tailored to the with the unique challenges fac-
ing specific schools. This is to ensure that all children in the district have access
to mental health and social care resources within the school in order to decrease
behavioral difficulties and increase the students’ abilities to benefit from a learn-
ing environment.

As evidence of the magnitude of these changes, we reference quotes from OKCSD
staff. Cherie Owen, a school district counselor, announced at a school board meeting
in 2015 that she was changing her approach in:

“learning to be positive in what we’re doing... to be proactive... they’re
calling it pre-correction, where we actually teach them the skills before the
negative behaviors happen. That’s a complete shift from what we’ve been
doing before,” (Willert, 2015).

Tori Bell, a long-time OKCSD school administrator teared up as she explained:

“This is truly the most exciting thing I have seen the district do... We are
taking time to see kids for who they are and what they need,” (Willert,
2015).

As we move to the data section, we examine the impacts of these reforms on the
school district’s disciplinary outcomes and school climate to better understand the
effects of these policy changes.

3.4 Data

To investigate the effects of OKCSD’s interventions on in-school outcomes we use ad-
ministrative school data from Oklahoma. To study the impact of these measures on
adolescent crime, we link Oklahoma’s school data to the FBI’s Uniform Crime Report-
ing (UCR) data by geographic area. Below in sections 3.4.1 and 3.4.2 we discuss these
data in detail.

37See more information here Schools, 2016
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3.4.1 School Administrative Data

Our primary data sources is comprised of annual administrative school report card
data which was requested from The Oklahoma Department of education’s Office of
Education Quality & Accountability. We make use of all available data, with the ex-
ception of excluding Tulsa School District, from school year 2005-2006 to school year
2018-2019. The data is observed at the school level where we have roughly 1761 ob-
served in each year from 514 school districts with an average enrollment of 645,845
students per year.

Tulsa School District is excluded because the district introduced its own discipline
reform policies which took place a year after OKCSD in 2017. Where OKCSD’s poli-
cies were federally required and in direct response to the OCR’s complaint, Tulsa im-
plemented reforms voluntarily, which made identifying formal documents outlining
policy changes and implementation difficult. Due to this, our study focuses on the
effect of OKCSD’s policies and we exclude Tulsa from the analysis.

It’s important to note that OKCSD stands out as an outlier in the Oklahoman con-
text in several ways. It’s the largest district in Oklahoma in terms of student enroll-
ment, where in 2015 OKCSD accounted for 6% of the entire public school student
population in Oklahoma.38 Additionally, OKCSD stands out not only for its size, with
86 schools making it the largest district in terms of facilities, but also for its demo-
graphic composition. In 2015, African American students made up 36% of OKCSD’s
student body, marking one of the highest proportions of black students among Okla-
homa school districts.39

In defining our outcomes, we articulate total suspensions as the aggregate aver-
age number of incidents of suspensions within a given school. The Oklahoma data
categorizes school suspensions in two categories based on duration with short-term
suspensions, which last fewer than 10 days, and long-term suspensions, which exceed
10 days. We analyse long suspensions, short suspensions, and their combined total as
outcomes using these variables. Observations for long-term suspensions are relatively
sparse as they make up only 8% of all suspensions. This is because long suspensions
are typically reserved for severe disciplinary issues and often follow a short-term sus-
pension for initial infractions. For absences, we use the department’s definition in our
outcome, which is the average days absent per student.

For our analysis on academic performance, the OKCSD report card data presents
school level academic scores as a percentage of the student body that can be consid-
ered as having at least satisfactory test scores in the given grade and subject. We use

38In 2015, OKCSD had a total student enrollment of 43,190. The 6% proportion of total state enrollment
is comparable to other years.

39OKCSD also has the 20th lowest proportion of white students in Oklahoma, where only 20% of the
student body is white.
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Table 3.1:Descriptive Statistics

Variable Name Median Mean Max

School Data
Absences 9.1 9.4 59
Suspensions 8 29.2 1729
Grade 3 Reading 69 69 100
Grade 3 Math 68 67 100
Grade 4 Reading 76 71 100
Grade 4 Math 77 70 100
Adolescent Arrests 9 81 5064

Covariates (% of enrollment)
School Enrollment 300 363 6496
Free School Lunch Eligible (%) 63 62 100
African American 8 100
Asian 2 40
Hispanic 10 98
Native American 20 100
White 58 100

UCR Crime Data
Full Sample (n = 4001) 95.01
K-means Sample (n = 341) 209.00

Note: This table summarises descriptive statistics for the
OKCSD dataset. The Outcomes Section covers academic per-
formance, absences, and disciplinary actions, including suspen-
sions (in-school and out-of-school) and adolescent arrests. The
UCR Crime Data Section provides statistics on arrests based on
different samples: the full sample and the reduced K-means
sample. The Covariates Section includes school characteristics
such as enrollment, proportion of students which are eligible
for free lunches, and demographic composition (percentages).
Statistics are based on the median, mean, and maximum val-
ues across all OKCSD schools during the study period, sourced
from annual report cards.

this percentage based score as our primary outcome for grade level test results. It’s im-
portant to note that for 6th grade test scores, data is only available until 2016, as these
scores are marked as “data not shown” to adhere to data protection and privacy laws.
Therefore we can only estimate the impact of the policy for the first post-treatment pe-
riod of 2016 for 6th grade academic outcomes. In our analysis, we also include several
key covariates to control for school-level dynamics and demographics. These include
total school enrollment, ethnicity background information at the school level, and the
proportion of students who are eligible for free lunch programs (see table 3.1).

In referencing the key policy changes in section 3.3, we do not have access to tar-
geted survey data on teacher discipline strategies or student experiences, which limits
our ability to directly assess the adoption of Positive Behavioral Interventions and
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Supports (PBIS) strategies and staff retraining. However, we provide results show-
ing that the district implemented these reforms by analyzing changes in staffing lev-
els, specifically the number of school administrators and counselors. These reforms
are captured using discrete variables that track the quantities of administrators and
school counselors, serving as measurable indicators of the district’s commitment to
implementing these changes.

Next, we discuss the data we use to analyse the effect of OKCSD’s discipline re-
form policies on adolescent crime.

3.4.2 Adolescent Crime Data

To analyse the impact of the OKCPSD’s policy changes on adolescent crime, we uti-
lize data from the Federal Bureau of Investigation’s (FBI) Uniform Crime Reporting
(UCR) program. The UCR compiles crime data on a national scale, gathering vol-
untary information from a broad spectrum of law enforcement agencies at the city,
county, state and federal levels. The core of our analysis leverages the UCR’s annual
Age, Sex, and Race (ASR) release, a subset of the UCR. The ASR is particularly well
suited to research the effect of OKCSD’s policy changes on adolescent crime because
of its granularity, which delineates crime statistics by age groups, with good coverage
of instances of juvenile crime. The data also includes detailed geographic identifiers
at the law enforcement agency (LEA) level.

LEAs are federal or state level entities that are authorized by law or government
agencies to engage in prevention, detection, investigation, and prosecution of any law
violations (Nigatu et al., n.d.). Examples of LEA’s include city, state, county, and
federal police and sheriff’s offices. While participation in the UCR is voluntary, the
dataset stands as the most comprehensive publicly available data on crime and cover-
age is representative of 97.4% of the population (DoJ, 2011). In our dataset, which in-
cludes juvenile records, we observe over 4,000 agencies across the United States from
2005 to 2019. The ASR records the count of specific crimes that occur in each age group
with ages starting as young as 10. These include all types of crimes for children and
adolescents aged 10 to 17. Since many of the jurisdictions that release juvenile crime
data are subject to strict juvenile privacy requirements, detailed information about the
type of crime committed is often redacted, this makes analyzing the effect of the policy
on particular types of crime difficult.

Our analysis narrows its focus on to one LEA, the Oklahoma City Police Depart-
ment (OKCPD). This allows us to examine the specific impact of OKCSD’s policy
changes within a defined geographic and administrative boundary. It is imperative
to acknowledge that the jurisdiction of OKCPD extends beyond OKCSD’s boundary,
covering areas which are zoned to other school district as well. However, OKCSD is
by far the largest school district in Oklahoma City and was the only district which
saw descriptive trend shifts in suspensions. Further, placebo test on our school level
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outcomes such as suspensions and test scores show no effect for other school districts
in Oklahoma city.

3.5 Empirical Method

In this section, we focus on our identification strategy to assess the causal impact of
OKCSD’s discipline reform policies. Our analysis utilizes a natural experiment aris-
ing from the landmark agreement between the OCR and OKCSD just before the 2016-
2017 academic year, which sought to foster inclusive school environments and limit
the use of exclusionary discipline practices.40 To ascertain the impact of these policy
changes, our analysis employs a Synthetic Difference-in-Differences (SDID) approach,
comparing trends in OKCSD outcomes against those in a constructed counterfactual
of similar districts that did not enlist reforms. Section 3.5.1 below presents the Syn-
thetic Difference-in-Differences (SDID) approach in detail, including the rationale for
its choice and its implementation.

3.5.1 Synthetic Difference-in-Differences

We apply the Synthetic Difference-in-Differences (SDID) model, outlined in Arkhangel-
sky et al. (2021), which integrates the conventional Difference-in-Differences (DID)
framework with the flexibility and adaptability of synthetic control (SC) methods,
proposed in Abadie and Gardeazabal (2003) and Abadie, Diamond, and Hainmueller
(2010), to create a reliable counterfactual comparison for causal inference (Porreca,
2022). This is accomplished by re-weighting and matching on pre-treatment trends,
resulting in estimates that are significantly more robust to the parallel trends assump-
tion compared to traditional DID methods (Clarke et al., 2023). As with SC meth-
ods, the SDID approach is particularly well suited for policy settings in which there
are few (or singular) treated units and many control units Arkhangelsky et al. (2021).
SDID also has advantages over SC methods where instead of weighting a set of control
units that minimize the average differences in levels between the synthetic and treated
unit, in SDID it selects a weighted set of control units that minimizes the difference in
trends in the pre-period. In effect, this allows the SDID to estimate the effect of poli-
cies in cases where the trends of treated and untreated units do not overlap (Dench,
Pineda-Torres, and Myers, 2023).

The SDID method compares the pre- and post-treatment changes in outcomes be-
tween treated and untreated groups to infer causal effects by incorporating the syn-
thetic control aspect that constructs a weighted combination of control units. This
combination creates an ’artificial’ control group that closely mirrors the trends of the
treated group before the intervention. This helps address one of the key limitations
of DID, the reliance on finding a naturally occurring control group that may not per-
fectly match the treated group in all pre-treatment characteristics. The SDID method

40For a detailed outline of the policies refer to section 3.3.3.
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improves causal identification by combining unit and time weighting, allowing for
better adjustment for confounding trends and unit-level heterogeneity.

We estimate the average treatment effect on the treated (ATT) as follows:

(τ̂sdid, µ̂, α̂, β̂) = argmin
τ,µ,α,β

{ N

∑
i=1

T

∑
t=1

(Yit − µ − αi − βt − Witτ)
2ŵsdid

i λ̂sdid
t

}
(2)

Equation 2 above describes our optimization problem where we find the set of
parameters (τ̂sdid, µ̂, α̂, β̂) that minimizes the weighted sum of squared differences be-
tween the observed outcomes Yit and their predicted values. Here αi and βt repre-
sent unit and time fixed effects respectively, where Wit is a binary treatment indicator,
and the term Witτ captures the effect of treatment and is the main coefficient of inter-
est. Specifically, τ represents the average treatment effect on the treated (ATT) for the
treated units over the entire post-treatment period.

In our model specified for estimating the ATT, the synthetic element can be under-
stood as the integration of unit weights (wsdid

i ) and time weights (λsdid
t ). These weights

both play important roles in constructing our synthetic control group.
Here, the unit weights (wsdid

i ) are determined in a way that minimizes the aver-
age squared difference in the trend between the observed treatment and a pool of
potential donor units. In doing so, each control unit is assigned a weight to reflect
its relevance and similarity to the treated units in terms of their outcome trajectories
in the pre-treatment period. These weights subject to a regularization parameter, to
prevent overfitting and to increase dispersion and uniqueness in weights, to prevent
model overfitting.

The time weights (λsdid
t ) are optimized to minimize the sum of squared differences

between the time-weighted pre-treatment outcomes of the donor pool and the treated
unit(s). These weights ensure that the pre-treatment periods with the most similar
outcomes to the treatment group are given greater emphasis, allowing the synthetic
control group to closely replicate the temporal patterns of the treated group before the
intervention. This time-weighting component is a key innovation that distinguishes
our SDID specification from traditional synthetic control methods.

As outlined in Arkhangelsky et al. (2021) there are several variance estimation
methods which can be used to inform our estimated ATT. Following, Clarke et al.
(2023) we rely on the placebo inference method to statically validate our ATT esti-
mates.41 The placebo-induced variance estimator, similar to traditional placebo tests
in SC setups, offers a robust measure of treatment effect variability by simulating mul-
tiple scenarios in which control units are hypothetically treated. In our analysis, these

41Arkhangelsky et al. (2021) proposes three methods for statistical inference to be used under different
assumptions: block bootstrap, block jackknife and block placebo methods. We justify the use of block
placebo inference methods because of its suitability for policy settings with small number of treated
units. This is reflected in Clarke et al. (2023), where they explain that the placebo inference approach
should be used in instance with a small number of treated units.
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placebo simulations were conducted 1,000 times. This approach ensures that our con-
fidence intervals accurately reflect the variability of our outcomes based on our treat-
ment. The placebo induced variance estimator, akin to traditional placebo tests in SC
setups, assigns placebo treatment to untreated units. For each estimate, this method
performs 1,000 placebo iterations, collects the these estimates, and uses their distribu-
tion to construct confidence intervals that accurately reflect the variability in outcomes
attributable to treatment.

For school related outcomes we incorporate covariates into our model by using
the optimization procedure outlined in Kranz (2022). We chose this method over the
default “projected” method outlined in Clarke et al. (2023) because it has been shown
to provide more precise causal estimates in a number of settings by using Monte-
Carlo simulations. In Appendix Section B.5, we include results from an alternative
specification that excludes covariates and show that these controls do not influence
our findings in any significant way.

SDID results are relatively easy to assess for goodness of fit. Here, standard eval-
uation entails a visual inspection of the SDID trend with the treatment group trend.
These plots help us visually assess the pre-treatment fit between treated and control
units, which is especially important for Difference-in-Differences (DID) and synthetic
control methods. In DID, the key identifying assumption is that treated and con-
trol units would have followed parallel trends in the absence of treatment. While
SDID enhances this framework by re-weighting units and time periods to better match
pre-treatment trends, it’s important to recognize that this match is enforced mechan-
ically and does not itself validate the identifying assumption. The core identifying
assumption in SDID remains untestable and pertains to what would have happened
in the post-treatment period in the absence of treatment. A separate critical assump-
tion for SC methods, including SDID, is the necessity of a perfectly balanced panel.
By integrating traditional Difference-in-Differences with synthetic control methods,
SDID constructs a more accurate counterfactual by re-weighting and matching pre-
treatment trends. However, this precision depends on achieving a perfect balance in
the panel, where control units are weighted to closely match the treated units’ pre-
treatment trends. This meticulous matching is crucial for reliable policy effect estima-
tions, making the balanced panel assumption central to SDID.

3.5.2 K-means Clustering for Donor Pool Selection

Recent computer science literature has addressed some limitations inherent to SC
and SDID methods, namely in settings with high-dimensionality in the data, where
synthetic control methods are prone to overfitting (Agarwal, Shah, and Shen, 2020;
Bayani, 2021; Kinn, 2018). This complexity is not merely a function of high-dimensionality
in terms of variables, but rather the difficulty in managing and meaningfully interpret-
ing the vast array of untreated units compared to a single or few treated units.
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Kinn (2018) notes that in cases with several hundred control units and small num-
bers of treated units, pre-estimation donor selection procedures should be used before
using SC methods like the ones outlined in section 3.5.1 above. Here, our analysis on
school level outcomes such as suspensions and test-scores, which have a much more
reasonable ratio of treated to control units42 does not necessitate the need for donor
selection in the pre-treatment period. Therefore this pre-estimation data refinement
procedure is only used in our analysis of the FBI’s UCR data. In this specification,
without donor selection, we have over 4,000 control units to be weighted to reflect one
treated unit, OKC. Here, in addressing the problem of overfitting, we must carefully
choose a method which is robust to under-fitted biased estimates. In light of these con-
siderations, our approach incorporates K-means clustering as a pre-estimation donor
selection procedure. Recent works described above have proposed K-means cluster-
ing as a suitable way to reduce data dimensionality (Agarwal, Shah, and Shen, 2020;
Bayani, 2021). Papers which do not explicitly recommend K-means clustering, make
the use of other similar machine learning processes (Kinn, 2018).

Following the methodology proposed in Hartigan (1979) and utilizing insights
from Agarwal, Shah, and Shen (2020), we implement K-means clustering to refine
the selection of our control units. Here because the included demographic data is
not sufficient, we perform our K-means analysis using supplementary demographic
information from control unit geographies from the American Community Survey
(ACS).43 We utilize K-means clustering over alternatives due to its relative simplicity
and its widespread application in similar contexts, as it’s arguably the simplest and
most widely used unsupervised machine learning algorithm. The basic premise be-
hind the method is that it defines data in terms of clusters so that the total intra-cluster
variation (or total within-cluster variation) is minimized. In essence, the method par-
titions observations into k distinct clusters based on their attributes. The objective is
to minimize the total intra-cluster variation, or the total within cluster sum of squares
(TWSS), ensuring that the control units within each cluster are as similar as possible.
By refining the synthetic donor control pool to only include control units which share
the same k cluster as the treatment group, we can improve the performance of our
SDID model.44

The total within-cluster sum of squares for a given single cluster Ck is defined as
the sum of squared Euclidean distances (i.e. the“straight-line” distance between two
points in space) between the data points xi within the cluster and the cluster’s centroid
µk. This can be mathematically represented as:

42For OKCSD school data, we have 86 treatment units which are matched to 1,762 control units.
43The ACS was chosen for clustering due to its extensive size and comprehensive coverage of relevant

demographic, social, and economic topics. As the largest annual household survey in the United States,
the ACS samples approximately 3.5 million addresses annually, providing robust and representative data
for such analyses.

44Characteristics we used to inform our cluster included a wide array of variables which were chosen
based on model performance
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W(Ck) = ∑
xi k

(xi − µk)
2 (3)

Where: Xi represents an observation belonging to cluster CK, µK is the centroid of
cluster, calculated as the mean of all points assigned to Ck.

The objective function that K-means seeks to minimize across all clusters is the to-
tal within-cluster sum of squares (TWSS), which aggregates the intra-cluster variations
Ck for all clusters can be represented as:

tot.withinss =
K

∑
k=1

W(Ck) =
K

∑
k=1

∑
xi∈Ck

(xi − µk)
2 (4)

HereW(Ck represents the within-cluster sum of squares for a single cluster, Ck and
tot.withinss measures the total intra-cluster variation of all K clusters. The goal of
K-means is to minimize this total sum, where on aggregate, points are as close to
their respective cluster centroids µk as possible. It’s important to note that in K-means
algorithm, the number of clusters is user-defined and should be tuned. The standard
solution for this is to use the elbow method, which is a plot of the within group sum
of squares of distances from the centers, versus the cluster numbers and then choose
the“elbow” of the curve. Elbow plots for our K-means results can be found in the
Appendix Section B in Figure B.4.

We apply the algorithm outlined in Eq. 4 by utilizing data from American Com-
munity Survey (ACS) to identify clusters based on provided demographic informa-
tion. We consider 14 variables to categorize these geographic towns and cities into
groups. These variables include the percentages of population identifying as African
American, Asian, Hispanic, or Native American, along with population densities, la-
bor force participation rates, the percentage of the population lacking medical insur-
ance, Siegel’s Occupational Prestige Scores, the percentage of children attending pub-
lic schools, average commute times, and the average socioeconomic index.45 By apply-
ing clustering to identify relevant data for our SDID model, we significantly reduced
our dataset from 4001 units to a more manageable 341. This approach not only en-
hances the efficiency of our model by focusing on the most comparable control units
but also mitigates the risk of overfitting—a common challenge in high-dimensional
data settings. By meticulously selecting control units that fall within the same clusters
as the treatment group, we refine our synthetic control pool, thereby improving the
fidelity and interpretability of our SDID model’s findings.

45Socioeconomic Index follows the ACS’s Hauser and Warren specification.
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3.6 Results & Discussion

3.6.1 Descriptive Analysis

Before presenting the Synthetic Difference-in-Differences estimates, we provide some
preliminary descriptive context for our analysis. Table 3.2 presents median trends in
the pre- and post-treatment period outcomes by treatment group status. Here, the
“treatment” column describes OKCSD’s trends in outcomes with reference to the con-
trol units and excluding Tulsa. At a descriptive level, OKCSD’s policies appear to have
influenced the occurrence of school suspensions, as the median decreases by around
13% compared to an increase in suspensions of around 14% for the rest of the state.
These figures also speak to the wide disparities between OKCSD and the state median,
which was around 140% lower. Absences increased for both groups, with a slightly
steeper trend observed for OKCSD.

Table 3.2Outcome Medians by Treatment Status in the Pre- and Post-Treatment Pe-
riods

Outcome Category Treated Untreated Simple DID

Pre Post (% ∆) Pre Post (% ∆)

Suspensions & Absences
Short Suspensions 38 33 (-13%) 7 8 (+14%) -6
Total Suspensions 39 34 (-13%) 8 9 (+14%) -6
Absences 9.94 10.5 (+5%) 8.90 9.09 (+2%) +0.37

Grades 6 to 8 Outcomes
Grade 6 Math 63 24 (-61%) 78 43 (-44%) -0.5
Grade 6 Reading 62 38 (-38%) 75.5 52 (-31%) -0.5
Grade 7 Math 65 29 (-56%) 76 44 (-42%) -4
Grade 7 Reading 69 36.5 (-47%) 72.4 46.9 (-36%) -7
Grade 8 Math 52 19 (-64%) 69 30 (-57%) 5.5
Grade 8 Reading 68 39 (-42%) 80 50 (-37%) 1
Grade 8 Science 37 26 (-30%) 59 50 (-15%) -2

Counselors 0.4 0.6 (50%) 0.58 0.57 (-1%) +0.21

Arrests 4022 2682 (-33%) 50 21 (-58%) -1131

Note: Pre-treatment and post-treatment medians are reported for both treated and untreated groups.
Percentage change (% ∆) is calculated relative to the pre-treatment period. The Simple DID column
represents the Difference-in-Differences estimate for each variable. Long Suspensions are excluded
because the median value for both treatment and control units is zero. Arrest results are based off of
the clustered sample.

We observe that median proficiency rates declined during this period for both the
treatment and control groups. This coincides with the 2017 introduction of new state-
level test assessments in Oklahoma, which were designed to adhere to national as-
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sessment standards (Felder, 2017)46. While the reform was implemented statewide, its
effects may not have been entirely uniform across districts. In particular, shifts in the
mapping between observed test scores and underlying ability could lead to varying
impacts depending on the distribution of student performance. For example, districts
with a higher proportion of students near the new cutoff may have experienced more
noticeable declines in measured proficiency.

With this in mind, OKCSD exhibited more pronounced shifts in school test scores
during this period compared to untreated districts. Table 3.2 shows that the magni-
tude of changes varied by subject and grade level. For instance, grade 6 scores de-
clined at a similar rate as those in the rest of Oklahoma, while declines in 7th and 8th
grades were somewhat more pronounced in OKCSD. The median number of coun-
selors per school was less than one in both groups; however, OKCSD’s pre-treatment
median was slightly lower but rose to match the post-treatment level.

The descriptive trends in arrests are also noteworthy and indicate a substantial de-
cline in the total number of youth and adolescent arrests relative to the control. More
specifically, arrests decreased from 4,022 to 2,682, representing a 33% reduction. While
these patterns are striking, they warrant deeper investigation to assess whether they
are attributable to the intervention or reflect broader trends or unobserved factors. We
next conduct a more rigorous analysis to disentangle these effects and better under-
stand the mechanisms at play.

3.6.2 The Effect on Suspensions & Absences

Suspensions. Figure 3.7 and Table 3.3 present our main findings on school-level out-
comes from applying the SDID method outlined in Equation 7. This method weights
pre-treatment control unit observations to mirror pre-treatment trends for OKCSD.
The synthetic comparison serves as a counterfactual, estimating what the outcomes
for OKCSD would have been in the absence of the policy reform. In the graphical out-
put, the solid line represents the observed trend of the outcome for OKCSD, while the
dotted line represents the synthetic counterfactual, composed of the weighted set of
control districts throughout Oklahoma. The shaded area below these trends indicates
the time weights,47 and the vertical line marks the first treatment period, 2016. The
results show that suspensions trended similarly in OKCSD and the weighted set of

46In 2016–2017, Oklahoma adopted new academic standards and replaced its previous state assess-
ments with more rigorous tests aligned to college- and career-readiness benchmarks. This included the
elimination of End-of-Instruction (EOI) exams and the introduction of new statewide assessments de-
signed to emphasize critical thinking and problem-solving. While implemented statewide, the impact of
these changes likely varied across districts depending on student performance distributions and instruc-
tional alignment.

47See Section 3.5.1 for more details.
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Oklahoma school districts during the pre-treatment periods leading up to 2016, with
time weights concentrated on pre-treatment periods near 2016.48

Figure 3.7: SDID Total and Short Suspensions

Note: Figure 3.7 above presents the Synthetic Difference-in-Differences plot associ-
ated with the effect of OKCSD’s discipline policies on total suspensions and short
suspensions. Here panel A. outlines the impact on the combined effect of long and
short suspensions, while panel b. presents short suspensions alone. Long suspension
results can be found in figure B.1 in section B.2

49

Taken together, these results indicate a substantial decline in suspensions follow-
ing OKCSD’s discipline policy reforms, with the most pronounced change occurring
in short suspensions, which fell by approximately 50%. Given the relatively low base-
line rate of long suspensions across the sample, trends in total suspensions closely
mirror those of short suspensions. Long suspensions also declined meaningfully, with
an estimated effect of –2.37 relative to a pre-treatment mean of 1.8 (standard error
0.41).

While the estimated effects are large, it is worth noting that the structure of the
outcome variable, as a count bounded at zero, may introduce challenges when treated
and control units begin from very different baseline levels. In particular, treated units
like OKCSD, starting from higher suspension rates, may have more scope to decline
relative to synthetic controls, potentially contributing to post-treatment divergence.
Although SDID matches on pre-treatment trends rather than levels, differences in
available “distance to floor” could influence the estimated effect size. This possibility

48The time weights in the Synthetic Difference-in-Differences (SDID) analysis are concentrated around
2014, aligning with the increasing discourse surrounding the Office for Civil Rights (OCR) investigation
that gained momentum in 2015. This pattern suggests that the SDID method effectively identifies and
weights pre-treatment periods closely resembling the post-treatment context.

49In figure 3.7 the plot in panel A corresponds with an estimated coefficient of -39.06 significant at the
0.99 confidence level with a pre-treatment mean of 79.3. Panel B, sho rt suspension, corresponds with an
estimated ATT of -38.37, with a p-value lower than 0.01 and a pre-treatment mean of 77.49.

70



highlights the importance of interpreting these results in the context of both statistical
design and policy implementation.

Even so, the magnitude and consistency of the observed reductions provide com-
pelling evidence that substantive changes to disciplinary practice did occur. While
I cannot formally identify which components of the reforms were most impactful,
the observed decline in suspensions serves as a first-stage validation that substantive
changes to disciplinary practices occurred. The decline likely reflects a combination
of intentional interventions designed to reshape the district’s disciplinary framework.
Key among these were direct steps to limit suspensions, such as re-defining the disci-
plinary codebook to narrow the scope of behaviors warranting exclusionary measures,
and the adoption of Positive Behavioral Interventions and Supports (PBIS) strategies
(Gage et al., 2020), which emphasize proactive approaches to improving school cli-
mate and reducing misbehavior. Along with this, OKCSD augmented these policy
changes with structural support, including the hiring of additional school counselors.
The expansion of counseling services may have supported these efforts by addressing
the root causes of student behavior and fostering environments that reduce the need
for punitive measures, but this is purely speculative. Existing literature supports the
efficacy of these approaches, with PBIS strategies consistently associated with reduc-
tions in suspension rates (Gage et al., 2020), and substantial evidence highlighting the
role of counselors in driving positive behavioral and academic outcomes (Carrell and
Hoekstra, 2014; Osodo et al., 2016).

These findings underscore the comprehensive nature of the district’s efforts, illus-
trating how coordinated policy and structural changes can yield meaningful improve-
ments. Importantly, as shown in Section 3.6.4, the benefits of these reforms extended
beyond the school setting, contributing to a measurable decline in adolescent arrests.

Absences. Figure 3.8 below plots the graphical SDID output for absences. Here, just
as in the plots depicting suspensions, the synthetic counterfactual trends closely with
OKCSD’s actual absences in the pre-treatment period. We again see that time weights
focus on 2014, just before OKCSD’s trend slightly increases in 2015. With an esti-
mated ATT of 0.43 and a pre-treatment mean of 11.4 absences, we find that the aver-
age number of days absent per student rose by around 4%.50 As discussed previously,
these effects could potentially be explained by Becker’s theory on crime and incentives
(Becker, 1968). The paper suggests that individuals weigh on the costs and benefits of
their actions, with punishment serving as a deterrent to misbehavior. In the context
of OKCSD, the adoption of more lenient disciplinary policies could have reduced the
perceived consequences of absenteeism. This could effectively lower the cost of ab-
senteeism, leading to an increase. Although data constraints make this theory difficult
to test, the concept can generally be applied to all forms of misbehavior.

50See table 3.3
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Table 3.3: Estimated Treatment Effects on School-Related Outcomes and Arrests

Outcome Estimate Standard Error P-value

Suspensions & Absences
Short Suspensions -38.64*** (2.80) ¡ 0.01
Long Suspensions -2.37*** (0.41) ¡ 0.01
Total Suspensions -39.06*** (3.42) ¡ 0.01
Absences 0.43** (0.20) 0.029

Grades 6 to 8
Grade 6 Math 2.38 (3.88) 0.482
Grade 6 Reading -6.59*** (2.73) 0.015
Grade 7 Math 7.24*** (2.89) 0.008
Grade 7 Reading -1.85 (3.27) 0.580
Grade 8 Math 6.87* (3.51) 0.044
Grade 8 Reading 0.23 (2.37) 0.973
Grade 8 Science 7.01*** (1.66) ¡0.01

Mechanisms
Counselors 0.18*** (0.03) ¡ 0.01

Arrests
Youth Arrests -593.25*** (20.88) ¡ 0.01

Note: Standard errors are reported in parentheses. Significance levels: ***
p < 0.01, ** p < 0.05, * p < 0.1. This table presents results from the main
model. The data for academic and behavioral outcomes, including test scores
and suspensions, are sourced from the Oklahoma School Report Card, which
provides detailed school-level administrative records.

Figure 3.8: SDID Absences

Note: Figure 3.8 above presents the Synthetic Difference-in-Differences plot associated
with the effect of OKCSDs discipline policies on the number total number of absences
at the school level. Data is from the Oklahoma School Report Card data. Covariates
are included.
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Conversely, this effect could stem from statistical artifacts rather than actual be-
havioral changes. In this context, the same students who would have been suspended
under a no-reform policy environment might now be recorded as absent instead. Es-
sentially, both suspension and absenteeism can be viewed as forms of student disen-
gagement. This theme is thoroughly explored in Anderson (2021), a descriptive study
that examines how students with disabilities respond to varying levels of classroom
inclusivity and highlights a connection between absenteeism and suspension.51

In conclusion, while the district’s move away from exclusionary discipline poli-
cies has successfully reduced suspension rates, the accompanying rise in absenteeism
highlights the need for balanced strategies that address the root causes of student dis-
engagement to mitigate unintended consequences. However, when evaluating the
magnitude of both effects, the increase in absenteeism can be considered modest.

3.6.3 Adolescent Student Achievement

In this section, we outline the effects of OKCSD’s policies on academic performance.
Figures 3.9 and 3.10, along with Table 3.3, present our results on academic outcomes.
Overall, we observe mixed effects on academic performance following the OKCSD
discipline policy reforms.

Grade 6 reading scores declined significantly, with an estimated effect of -6.51
points, equivalent to an 11% decrease (or -0.276 standard deviations).52 The effects
on grade 7 and 8 reading scores is insignificant, with the point estimate being posi-
tive for 7th grade and negative for 8th grade. Statistically significant results for 7th
grade math and 8th science outcomes suggest that students improved in these sub-
jects. Grade 7 math competency rose significantly by 7.31 points (0.261 standard devi-
ations), a 52% increase compared to a mean outcome of 14.26.53 Additionally, Grade
8 science competency rates demonstrated the largest relative gain, with an increase of
7.01 points (0.320 standard deviations), corresponding to a 61% improvement, rela-
tive to the pre-treatment mean of 11.56. Although only Grade 6 reading scores decline
significantly, the overall pattern in reading is mixed, with estimates varying across
grades. This contrasts with the more consistently positive point estimates observed
in math and science. This divergence aligns with the broader pattern in our results,
suggesting that more structured subjects like math and science may have benefited
more from the reforms. As discussed in Section 3.4, academic outcomes for 6th grade
students were not reported in 2017 to adhere to data protection and privacy laws. As
a result, the 6th-grade reading analysis includes only a single year of post-treatment
data. This limits our ability to capture dynamic treatment effects that may unfold over
multiple years. For example, if improvements in classroom behavior compound over

51See Gottfried (2014) for a discussion of the negative effects associated with chronic absenteeism.
52This result is significant at the 95% confidence level.
53While not conventionally significant, the increase in Grade 8 math scores by 6.87 points (0.285 stan-

dard deviations) would be significant at the 90% confidence level, representing a 50% improvement.
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time, allowing teachers to build on prior-year gains, the effect observed in 6th-grade
reading may understate the full impact of the policy relative to subjects and grades
with longer post-treatment windows.

These findings may suggest that while the reforms introduced some challenges in
areas such as reading, they were more conducive to supporting outcomes in structured
subjects like math and science. The differential impacts underscore the complexity of
the policy’s effects on academic performance across various subjects. Importantly, the
district’s Code of Conduct specifies that students receiving out-of-school suspensions
(OSS) are still expected to keep up with coursework and participate in standardized
assessments, which helps mitigate concerns that changes in suspension policy may
have altered the composition of test takers (Schools, 2016).

The variation in effects across subject areas, with reading showing mixed results
and math showing more consistent gains, calls for closer examination. One possible
explanation, though not directly testable with the data, relates to how OKCSD’s poli-
cies may have interacted with gender dynamics in the classroom.

While we do not observe gender in our data, prior research has consistently shown
that boys are more likely to be suspended and experience school discipline(Kothari et
al., 2018a,b; NCES, 2019). In targeting the reduction of suspensions, it is possible that it
may have provided immediate benefits to boys, such as keeping them in the classroom
and addressing their behavioral challenges.

These changes could have interacted with subject-specific classroom dynamics—for
example, potentially supporting more structured subjects like math while presenting
different challenges in less structured environments like reading. However, given the
mixed significance of the estimates, this interpretation remains tentative. This theory
aligns closely with literature discussing the gender gap in math scores (Fryer Jr and
Levitt, 2010; Guiso et al., 2008), which has been attributed to social structures that ad-
vantage boys (Breda, Jouini, and Napp, 2018; Garcı́a-Echalar, Poblete, and Rau, 2024).
A particularly relevant paper, (Goulas, Megalokonomou, and Zhang, 2023), exploits
the random assignment of students to classrooms in Greece high schools and con-
cludes that classrooms with a higher share of girls are associated with less disruptive
behavior for boys and improved engagement from girls.54 In OKCSD the opposite
effect could have taken place, where classrooms with a higher proportion of boys, in-
cluding those prone to disruptive behavior, could have reduced engagement among
girls and contributed to lower reading test scores. While the decline in reading scores
is not uniform across grades, it may reflect, in part, subtle shifts in classroom dynam-
ics that differentially affect less structured subjects. Some literature has suggested that
girls may have a comparative advantage in reading-oriented environments (Breda,

54The paper assumes aggregate randomness in classroom gender composition but potentially over-
looks structural differences in sorting mechanisms across schools or cohorts, which could mask localised
randomness and bias the results see Dieterle et al. (2015)
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Figure 3.9: SDID Reading Scores

Note: Figure 3.9 above presents the Synthetic Difference-in-Differences plot associated
with the effect of OKCSDs discipline policies on reading proficiency for 6th, 7th, and
8th grade students begining with 6th grade reading in the upper left and ending with
8th grade reading results on the bottom.

Figure 3.10: SDID Math and Science

Note: Figure 3.10 above presents the Synthetic Difference-in-Differences plot associ-
ated with the effect of OKCSDs discipline policies on math and science proficiency.
Here panel A. outlines the impact on the combined effect on grade 6 math and panel
b. presents results on grade 7 math, panel c, presents 8th grade math results, and panel
d. presents 8th grade science scores. Data is from the Oklahoma School Report Card
data. Covariates are included.
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Jouini, and Napp, 2018).55 This is further supported by Garcı́a-Echalar, Poblete, and
Rau (2024), a recent paper that uses administrative data from Chile to model teacher
value added and concluded that teachers account for up to 18% of the math score
variation by gender.

In the context of our findings, teacher-driven variation could also potentially ex-
plain the observed gains in math performance where boys may have disproportion-
ately benefited from the reform’s focus on classroom inclusion. For example, a study
by Alan et al. (2021) looks at the impact of teacher re-training programs in Turkey de-
signed to enhance social cohesion and reduce conflict within schools. The idea here is
that in the case of OKCSD, it is possible that boys were better able to capitalize on the
positive aspects of school inclusion and structured approaches to responding to dis-
ruption, thereby rising test scores in areas where they have a comparative advantage56

in subjects like math and science.
It’s worth mentioning that previous literature on exclusionary discipline policies

has suggested that peer effects might lead to worse academic performance (Carrell
and Hoekstra, 2010; Pope and Zuo, 2023), but in our context, some of this effect might
be mitigated by changes in attendance patterns. While reduced suspensions increased
the overall number of students in the classroom, it is possible that the most disruptive
students, were more likely to be absent and drive the increase in absenteeism. This
dynamic could lessen the negative peer effects often associated with reintegrating dis-
ruptive students.

Our results point to mixed academic impacts following the OKCSD policy reform,
with some evidence of gains in structured subjects like math and science, and more
variable outcomes in reading. While the analysis highlights potential mechanisms,
such as changes in classroom dynamics and inclusivity, these explanations cannot be
explicitly tested with the available data. This underscores the need for further research
to better understand the factors driving these heterogeneous effects.

3.6.4 Adolescent Arrests

Figure 3.11 presents the SDID graph on the estimated impact of OKCSDs discipline re-
form policies on incidents of youth arrests. This outcome includes all youth crime and
observations for children and adolescents aged 10 through 17. The results correspond
with a significant 22.8% decline in youth arrests, where the estimated coefficient is -
593 corresponding with a pre-treatment mean of 2602 arrests.57 Our synthetic OKC
youth arrest line tracks relatively well with the observed OKC data, but we do see a
small spike in arrests for the OKC in 2015 leading up to the introduction of the policy.

55This interpretation remains speculative, given mixed statistical evidence across grades and the lack
of gender-disaggregated data.

56See Dossi et al. (2021) for some evidence of why this advantage may exist
57See table 3.3
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This story is reflected in our time weights, which focus near the treatment, but with a
1 period lag.

In Section 3.7, we present event study results for adolescent arrests, identifying
some instances of poor matching in the pre-treatment period. Still, the findings pro-
vide strong evidence supporting that the policy led to a reduction in suspensions.
Although the synthetic control tracks observed data closely in most periods, the pre-
treatment trends in 2007 and 2014 show some degree of misalignment, suggesting
imperfect matching in these periods. These discrepancies likely reflect inherent chal-
lenges in constructing a synthetic control group that perfectly mirrors the treated
unit’s dynamics in all pre-treatment periods. However, the substantial decline in
arrests following the policy’s introduction remains robust due to SDID’s weighting
mechanism, which minimizes the influence of periods with poor pre-treatment fit.
While these results offer strong support for the policy’s effectiveness, the presence of
some pre-treatment mismatch underscores the need for cautious interpretation, espe-
cially regarding the estimated magnitude of the effects.

Figure 3.11: Adolescent Arrests

Note: Figure 3.11 above presents the Synthetic Difference-in-Differences plot associ-
ated with the effect of OKCSDs discipline policies on adolescent arrests.

While previous studies have emphasized a link between school suspensions and
an increased likelihood of long-term involvement in crime(Bacher-Hicks, Billings, and
Deming, 2019; Wald and Losen, 2003),58 we found no research demonstrating the con-
verse effect, where a reduction in suspensions is associated with a decline in crime.
Against this backdrop, our findings provide evidence that changes in student disci-
plinary policies can reduce adolescent arrest rates.

58Bacher-Hicks, Billings, and Deming (2019) found that suspended students are up to 20% more likely
to face arrest as adults.
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When taken together, the results in this section contribute to the existing litera-
ture by providing empirical evidence highlighting both the benefits and trade-offs of
inclusive disciplinary policies. While these policies can foster improved school cohe-
sion, decrease violence, and reduce adolescent crime rates (Craig and Martin, 2023;
Gallego, Oreopoulos, and Spencer, 2023; Perry and Morris, 2014), they may also pose
challenges, such as declines in academic performance (Carrell and Hoekstra, 2010;
Pope and Zuo, 2023). This dual perspective underscores the importance of under-
standing how disciplinary reforms impact both immediate educational outcomes and
broader societal issues.

The literature has established that certain student outcomes, including academic
performance (Carrell and Hoekstra, 2010; Pope and Zuo, 2023), may be adversely
affected by more permissive disciplinary policies.59 While the full spectrum of un-
intended consequences remains to be thoroughly explored, the findings presented
in this study suggest wide-ranging implications extending beyond school-level out-
comes. By shifting away from exclusionary disciplinary practices that alienate stu-
dents from the school environment, OKCSD’s policies appear to create conditions that
mitigate the likelihood of interactions with the criminal justice system.60

In doing so, OKCSD is taking proactive measures that may contribute to address-
ing the “school-to-prison pipeline.” This recognition of the limitations inherent in
traditional disciplinary approaches, coupled with the trade-offs associated with more
inclusive school environments, underscores the need for comprehensive investigation
into how schools can effectively balance discipline with student support. This study
offers a significant contribution to this discourse by presenting a nuanced examination
of the short-term effects of school inclusion policies. In addition to addressing im-
mediate educational outcomes, our findings underscore the substantial impact these
policies can have on student behavior beyond the classroom, particularly in relation
to our results on adolescent crime rates.

3.6.5 Mechanisms

Previously, we introduced the impact that OKCSD’s policy changes have had on stu-
dents’ lives inside and outside the classroom. Here, we outline mechanisms that ex-
plain why this policy was effective in reducing suspensions and adolescent arrests. In
OKCSD’s resolution agreement, the district committed to ensuring that students are
adequately supported by assessing the staffing levels of trained counselors and school
administration. In our analysis on staff-level outcomes, we find that the policy led to a
moderate and statistically significant increase in the number of school counselors and
administrative staff. Here, in the years following the resolution agreement, OKCSD
increased its of full-time counseling staff by 17%.

59This is evident in our findings of declining reading scores; see Section 3.6.3
60See Jacobs et al. (2020) for a systematic review of factors contributing to juvenile reoffending, which

provides additional context for this issue.
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Figure 3.12: SDID OKCSD Counseling Staff

Note: Figure 3.12 above presents the Synthetic Difference-in-Differences plot associ-
ated with the effect of OKCSDs policy changes on the hiring of full-time counseling
staff.

As shown in Figure 3.12, the synthetic control closely tracks OKCSD’s pre-treatment
trend, lending credibility to the parallel trends assumption for total school counselors.
In this analysis, our outcomes represent the number of staff in each category recorded
at the school level, with treated units belonging to OKCSD.

There is an existing body of evidence in the economics literature showing that
additional student support staff and school counselors can positively impact various
cognitive and non-cognitive outcomes for students. Robinson and Roksa (2016) found
that school counselors can help mitigate inequalities by playing a significant role in
predicting successful college applications. Furthermore, Carrell and Hoekstra (2014)
found that hiring additional school counseling staff can be a cost-effective way to sup-
port students, even when compared to hiring additional teachers. They found that a
one-unit increase in the number of counseling staff in a given school increases boys’
reading and math achievement and reduces misbehavior for both girls and boys by
20% and 29%, respectively. Additionally, the presence of school counselors has been
shown to impact the perceptions of other school staff, including teachers, particularly
as a result of improved student behavior associated with school counselors (Carrell
and Hoekstra, 2014).

These results strengthen the evidence of the significance of OKCSD’s policies. By
hiring additional counseling staff, OKCSD took meaningful steps to create a more
supportive and inclusive learning environment, going beyond merely redefining the
school code of conduct to address student over-suspension. Furthermore, the increase
in school counseling staff could also serve as a mechanism through which the policy
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impacts students, contributing to a reduction in school suspensions and adolescent
arrests outside the classroom. Below are a few plausible explanations for this effect.

The hiring of additional counseling could have facilitated early intervention and
provided students with individualized attention. This increase in resources enabled
counselors to deliver more targeted and timely support, addressing the unique chal-
lenges faced by troubled students. These interventions are critical for mitigating be-
havioral issues before they escalate into more serious disciplinary actions or academic
setbacks. Research demonstrates that early intervention strategies can significantly
reduce negative outcomes for at-risk youth (Carrell and Hoekstra, 2014).

Additionally, improvements in student behavior may have positively influenced
the overall school climate. With teachers better able to focus on effective instruction,
which could fostering a more conducive learning environment. Enhanced teacher
confidence and satisfaction in their instructional capacity could further contribute to
improved educational outcomes for all students. This aligns with findings in the liter-
ature that emphasize the relationship between improved student behavior, a support-
ive school climate, and higher academic achievement.61 Where we find mixed effects
on academic outcomes, it suggests that the relationship between disciplinary reforms
and academic performance may be mediated by other factors, such as variations in
implementation fidelity or differing baseline conditions across schools.

3.7 Robustness

3.7.1 Event Study Output

In addition to a visual inspection of the SDID output presented in Section 3.6, we also
provide dynamic event study-style output for our main results on suspensions and
youth crime. The event study-style output, proposed by Clarke et al. (2023), extends
the static SDID estimates by focusing on the temporal evolution of treatment effects
rather than their overall aggregate impact. This is achieved by comparing outcomes
between treated units and their synthetic controls for each time period relative to a
baseline pre-treatment period. The baseline is constructed using optimally weighted
averages of pre-treatment outcomes, as determined by the SDID framework.

This approach allows us to trace changes in the treatment effect over time. By
plotting these differences across time periods, we can assess both the immediate and
longer-term impacts of the policy. For instance, we can determine whether the pol-
icy’s effects were delayed, took time to build, or diminished after an initial impact.
This contrasts with standard SDID plots, which provide a single point estimate sum-
marizing the treatment effect across all periods without illustrating how these effects
vary over time.

61See Carrell and Hoekstra (2014) for a discussion on the impact of school climate on educational
outcomes.
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The dynamic event study output also includes confidence intervals for these time-
specific estimates, enabling a statistical evaluation of whether observed changes are
significant. This helps clarify whether variations in treatment effects are genuine or
attributable to noise. Together, these features offer a more nuanced visualization of
the policy’s trajectory, illuminating both the timing and magnitude of its impacts. This
temporal focus complements the static SDID results by revealing not only whether the
policy had an effect but also how and when those effects materialized.

In Figure B.2 in Section B.2, the SDID results for suspensions are plotted. Here, we
find some evidence of isolated anticipation effects associated with the policy. Recall
that the OCR issued a formal complaint in February 2014, and local news outlets be-
gan covering the policy in mid to late 2015. This initiated a sequence of events that
preceded the reforms discussed in this paper. The timeline suggests that some schools
may have begun adjusting their behaviors in response to the impending investiga-
tion and anticipated policy changes, leading to observable effects on suspension rates
even before the official implementation of the reforms. We provide evidence in Ap-
pendix Section B.3 to show that in re-defining the treatment to 2015, some estimates
are still significant, but with estimated effects sizes that are considerably smaller. Fur-
ther, when we re-define the treatment to 2014, these effects vanish completely. This
suggests that OKCSD teachers and students may have slightly altered their behavior
in light of the significant news coverage on the topic.62 As an additional check, in B.2
we provide dynamic event-study style output proposed by Clarke et al. (2023).

In Figure B.3, we can see that several periods leading up to treatment showed
trends that were somewhat misaligned between the treated and control groups, par-
ticularly in 2007 and 2014. While this suggests that there may be some degree of imper-
fect matching in these pre-treatment periods, the substantial decline observed follow-
ing the treatment remains significant due to the SDID method’s weighting mechanism.
This approach minimizes the influence of poorly matched periods by assigning greater
weight to periods where the treated and control groups demonstrate more comparable
trends. Nevertheless, the presence of these discrepancies in the pre-treatment trends
suggests some caution is warranted when interpreting the magnitude of the estimated
effects.

3.7.2 In Time Placebo

We conduct a series of in time placebo checks, shown in section B.3 where we artifi-
cially assign the treatment to a period prior to the actual policy implementation. This
allows us to test whether the observed effects in our primary analysis could be due to
random fluctuations or factors unrelated to the policy. By applying the same model
specification to this placebo period, we assess whether significant associations emerge
in the absence of the policy.

62See (Ellis, 2015) for an early example of news coverage on the topic
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Our placebo analysis examines three pre-treatment periods: 2013, 2014, and 2015.
In 2014, while awareness of a pending investigation into OKCSD’s discipline policies
existed, no formal adjustments had yet been implemented. By 2015, as the investiga-
tion progressed, schools may have begun anticipating mandated changes. The 2013
and 2014 results show no significant effects across all outcomes, providing strong ev-
idence for the parallel trends assumption and confirming that the observed effects in
our primary analysis are unlikely to be driven by pre-existing trends or random fluc-
tuations.

In contrast, the 2015 placebo results reveal small but significant effects on some
outcomes, particularly suspensions and select academic measures. These effects are
consistent with the policy timeline, where schools, aware of the investigation’s pro-
gression, may have begun to make modest adjustments to discipline practices before
the formal policy implementation in 2016. However, the magnitude of these effects
is minimal, and they are largely absent for key metrics such as youth arrests. This
pattern reinforces the credibility of our main findings, suggesting that the observed
treatment effects are primarily attributable to the policy’s implementation rather than
confounding factors or temporal noise in the data.

3.7.3 Placebo Treatment

We conduct a series of treatment placebo checks, shown in section B.4, where we ex-
clude all treated units and randomly assign the treatment to a subset of control units
that were never actually treated. This approach tests the robustness of our findings by
evaluating whether the observed effects in our primary analysis could be artifacts of
random chance or driven by unobserved confounding factors unrelated to the treat-
ment. By applying the same SDID model specification to these placebo groups, we
assess whether significant effects arise when no true treatment occurred. The ab-
sence of significant results in these tests supports the validity of our methodology
and strengthens confidence in the causal interpretation of our findings.

3.8 Conclusion

In this study, we analyse the impact of school reform policies implemented in 2016
in the Oklahoma City School District (OKCSD). These reforms included a redrafting
of the district’s code of conduct to discourage exclusionary discipline practices, staff
retraining to improve school climate, and the implementation of PBIS policies across
OKCSD schools. These efforts align with national initiatives, such as the U.S. De-
partment of Education’s “Guiding Principles for Improving School Climate and Dis-
cipline,” aimed at reducing disparities in school disciplinary measures. We address
significant gaps in the literature by examining the short-term effects of inclusive dis-
cipline policies on both academic outcomes and adolescent arrests. While existing
studies often focus on the long-term consequences of exclusionary discipline, such
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as adult criminal behavior or graduation rates, our study uniquely combines quasi-
experimental methods to explore immediate impacts. By analyzing differential aca-
demic effects such as improved math and science scores but declining reading per-
formance, we shed light on the nuanced trade-offs of discipline reform policies. Fur-
thermore, our work contributes to the limited evidence on how discipline reforms can
influence youth crime, bridging a critical gap in understanding the broader societal
implications of fostering more inclusive and supportive school environments.

Our findings show mixed results. Using a SDID approach and K-means clustering
to focus our model on suitable comparison units, we find that the policies led to a sub-
stantial reduction in school suspensions (approximately 50%), serving as evidence that
OKCSD took significant steps in implementing these policies. However, the academic
outcomes were varied. We observe declines in some subjects, such as Grade 6 reading
scores (-6.51 points, or 11%), which may reflect challenges in adapting to changes in
classroom dynamics. Conversely, there were notable improvements in Grade 7 math
(ATT of 7.24) and Grade 8 science (7.08 points). Other subjects, such as Grade 6 math
and Grade 7 and 8 reading, show minimal or statistically insignificant changes. While
point estimates for math scores were consistently positive, the reading results were
more mixed—shifting from a significant decline in Grade 6 to a small, statistically in-
significant gain in Grade 8. These patterns, however, are not uniformly significant and
should be interpreted cautiously. These findings suggest that structured subjects may
have benefited from the reforms, while less structured subjects like reading may have
been more sensitive to disruptions in classroom management during the transition.
These results underscore the complexity of implementing inclusive policies and their
differential impacts across academic domains.

Beyond academic outcomes, our analysis extends to the broader societal impacts
of these reforms. We find a significant 22.8% decline in youth arrests following the
policy changes, suggesting a potential reduction in interactions with the criminal jus-
tice system. While these findings contribute to the understanding of the relationship
between school discipline policies and adolescent behavior, it is important to interpret
them cautiously, as the mechanisms underlying these changes remain unclear. This
study has several limitations that should be considered when interpreting the results.
First, the analysis does not account for heterogeneity in effects, such as differences
by gender, which may mask important subgroup variations because the school ad-
ministrative data did not include any information on gender. Second, the study does
not explore other potential mechanisms through which the reforms may have influ-
enced outcomes, such as changes in teacher behavior, student-teacher interactions, or
family engagement, due to the lack of direct data to evaluate these. Lastly, the pol-
icy’s stated goals included improvements in school climate and equity in discipline
practices, which were not directly measured in this analysis, for the same reasons as
above.
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In summary, this study provides evidence of the nuanced impacts of school disci-
pline reforms on student outcomes and adolescent crime. While the results highlight
promising reductions in suspensions and arrests, the mixed academic outcomes un-
derscore the challenges of balancing inclusivity with maintaining engagement across
diverse subjects. Future research could address the limitations identified here by in-
corporating analyses of heterogeneity and additional mechanisms to deepen our un-
derstanding of how these policies affect students and broader societal outcomes.
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Chapter 4

Supervised Consumption Sites in Toronto:
Did Harm Reduction Work?

4.1 Introduction

Opioid-related harms have become a critical public health challenge across many high-
income countries, with surges in overdose incidents, opioid-related deaths, and the
proliferation of highly potent synthetic opioids such as fentanyl. In the United States,
the opioid crisis has claimed over 500,000 lives in the past two decades, with the Cen-
ters for Disease Control and Prevention reporting more than 100,000 overdose deaths
in 2021 alone (Ahmad, Rossen, and Sutton, 2021). The scope of the problem is also sig-
nificant in Canada, as the country battles similar challenges with the U.S. (Belzak and
Halverson, 2018; Fischer, 2023; Toronto, 2024). Here, in 2022, opioid related deaths
reached a staggering number of 7,537, which corresponds to an increase of nearly
300% when compared to the 1,931 incidents of mortality attributed to car accidents
(Belzak and Halverson, 2018; Canada, 2024a; Canada, 2024b). In the same year, opioid
mortality stands as the leading cause of accidental death, with an average of 21 deaths
per day. While opioids play an important role in pain management in clinical settings
or when used as prescribed by medical professionals, it’s clear that the misuse pre-
scription and illicitly obtained opioids, and synthetic opioids such fentanyl, has led to
a variety of serious health and societal harms.63

In response to the ongoing crisis, policy makers have targeted harm reduction in-
terventions as a potential solution. This study focuses on one distinct application of
harm reduction policies, namely, the implementation of supervised consumption sites
(SCS) in Toronto. SCS are medical facilities which are designed to prevent incidents of
overdose and overdose mortality by providing a designated space for people who use
drugs (PWUD) to consume pre-obtained substances under the safety and support of
trained medical professionals (Hayle, 2018).

The evidence on the effectiveness of this form of harm reduction is mixed. Sev-
eral descriptive studies suggest that SCS mitigate opioid related harms by reducing
overdose mortality, lowering the likelihood of injection-related skin infections, and
encouraging PWUD to access primary healthcare (Behrends et al., 2019; Greenwald et
al., 2023; Lloyd-Smith et al., 2010; Rammohan et al., 2024a). Studies in economics have
linked SCS with negative spillovers, where SCS have been shown to have a negative
effect on house prices in the immediate vicinity of the sites (Liang and Alexeev, 2023a;
Schaefer and Panagiotoglou, 2024). A separate strand of the literature focuses on other

63See section 4.2 along with Figures 4.13 and 4.14 for more context.
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forms of opioid harm reduction, where studies have shown that harm reduction can
lead to increased or riskier drug use (Erfanian, Grossman, and Collins, 2019a,b). These
studies argue that this effect is driven by the moral hazard problem, where PWUD are
driven to increase their drug use due to the perceived lower cost (risk) of consump-
tion. Further, some have suggested that SCS might lead to crime, where substance
abuse has been linked with criminal activity, as PWUD seek to fund their addictions
(Bennett, Holloway, and Farrington, 2008; Brownstein, 2015).

Overall, SCS remain a point of contention with local governments and residents
over the fear that these sites are associated with rising crime rates and anti-social be-
havior. Thus, while SCS show promise in reducing certain harms, the overall impact
on the surrounding communities remains unclear. From an economic perspective, the
opportunity costs associated with investing in SCS such as potential alternative uses of
public funds for law enforcement, prevention, or treatment, further complicate evalu-
ations of their overall societal benefit.

In this paper, we aim to examine the multifaceted causal effects of SCS by ana-
lyzing the staggered rollout of sites in Toronto. Here, over a five-year period from
2017 to 2021, health Canada approved the opening of 11 sites. Toronto provides an
ideal setting to study the impact of SCS as it is Canada’s largest urban center and has
a diverse population with varied socio-economic backgrounds, which enhances the
external validity of this study.64 This study is the first to rigorously and causally es-
timate the impact of SCS on local demand for emergency services, drug-use-related
crimes, and the prevalence of severe mental breakdowns. Existing descriptive studies
tend to report reductions in overdose-related harms, but these often rely on pre-post
comparisons or simple trends and may overstate the benefits by not accounting for
underlying changes or selection into treatment. By using a more credible identifica-
tion strategy, this study provides a clearer picture of the actual effects and a useful
benchmark for interpreting earlier findings. By analyzing these effects in the context
of Toronto, we assess the effectiveness of SCS in mitigating harm and address concerns
about potential negative spillovers often cited by previous descriptive studies. From
an economic perspective, this analysis contributes to the literature by quantifying the
direct benefits of harm reduction interventions. While we acknowledge the potential
for externalities, such as changes in public resource allocation, neighborhood desir-
ability, and social capital, a thorough examination of these effects is beyond the scope
of the current analysis. However, this represents a promising area for future research
that can build upon our findings.

To evaluate Toronto’s experience, our primary findings rely on a difference-in-
differences setup, employing the model recently developed by Callaway and Sant’Anna
(2021), which accounts for potential heterogeneity in treatment timing due to the stag-
gered rollout of the policy. Our analysis is performed at the neighborhood level, neigh-

64Find a more detailed discussion on Toronto in section 4.2.
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borhoods are considered treated if they fall within the “catchment area” of an SCS.
Thus, our approach takes advantage of both the differential timing and geographic
variation of the staggered adoption of SCS across Toronto. As in any difference model,
our analysis relies on the parallel trends assumption, implying that in the absence of
the SCS, treated and untreated neighborhoods would have followed similar trends.65

We study the impact of SCS on emergency overdose callouts, incidents of assault and
breaking and entering, and incidents of mental health apprehensions.

Our results are robust against a series of checks and provide well-identified ev-
idence that, in the context of Toronto, we find no evidence that the implementation
of SCS led to a significant increase or reduction in opioid-related emergency service
callouts. These findings contribute to the ongoing debate about the efficacy of harm
reduction policies and suggest that while SCS do not exacerbate riskier drug use
or escalate harmful behavior, their ability to reduce the burden on emergency ser-
vices was limited. However, we find a moderate increase in break-ins near SCS loca-
tions, indicating that concerns about localised property crime may have some validity.
This underscores potential community-level trade-offs and highlights the necessity
of integrating SCS within a broader public health framework that includes targeted
crime prevention and support services to mitigate any negative spillovers. Finally,
our study also finds no discernible effect on the incidence of serious mental health
crises, specifically in extreme cases leading to mental health apprehensions under the
Mental Health Act. This is significant because a core argument for SCS has been their
potential role in stabilizing the health of people who use drugs (PWUD), which could,
in theory, reduce the frequency of severe mental health episodes. However, the data
suggest that the presence of SCS does not translate into measurable improvements
in mental health outcomes at the community level. It is important to note that these
are intent-to-treat estimates averaged across the neighborhood, and the proportion of
residents directly affected by SCS may be quite small. As a result, even meaningful
improvements for PWUD could be diluted when measured at the aggregate level.

Overall, while SCS are positioned as a promising intervention to mitigate the health-
related harms associated with opioid use, there remains limited empirical evidence on
their broader community impacts. This study fills this gap by offering a rigorous anal-
ysis on sites in Toronto. We provide strong evidence that the effects of these sites on
opioid related overdoses and mental health incidents are marginal, and that, in the
medium term, financially incentivized opportunistic crimes rise. The findings suggest
that while SCS may not exacerbate negative behaviors often cited by critics, their po-
tential to significantly alleviate community-level burdens like emergency services or
crime appears limited. This paper adds to the ongoing debate by providing robust
evidence that, despite the potential promise of SCS, their community-wide impact

65For all of the results discussed, we present event study analysis to diagnose the validity of the parallel
trends in all periods leading up to SCS implementation.
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includes nuanced outcomes, with marginal benefits and some increase in property
crime.

The structure of the paper is as follows: Section 4.2 provides context on the opioid
crisis and harm reduction efforts in Canada. Section 4.3 provides some background
literature. Section 4.4 describes the data used, including opioid-related callout records
and crime statistics. Section 4.5 details the spatial difference-in-differences approach
used to identify the causal effects of interest. Section 4.6 presents the main findings,
and Section 4.7 offers robustness checks to validate our results. Section 4.9 discusses
the implications of these findings for public health policy.

4.2 Institutional Background

The opioid crisis has rapidly escalated into one of the most pressing public health
emergencies in Canada, where opioid-related deaths far surpassed other leading causes
of accidental fatalities since 2016 (Fischer, 2023). To speak to the context for these
claims, between January 2016 and March 2024, there were 47,162 opioid-related deaths
in Canada (Canada, 2024a), with incidents continuing to rise since the government be-
gan tracking in 2016, as shown in Figure 4.13. Specifically in Toronto, annual opioid-
related deaths surged by 283% between 2015 and 2023, rising from 137 deaths in 2015
to 524 in 2023 (Toronto, 2024) (see Figure 4.14 below).

While raw figures in the incidents of opioid mortality provide stark statistics that
highlight the urgency of the problem, the impact of the opioid crisis extends far be-
yond these numbers. In 2017, the White House’s Council of Economic Advisors found
that the opioid crisis costs the US’s healthcare system an estimated $596 Billion each
year Advisors (2017), a figure which can be seen as conservative relative to the CDC’s
estimate cost of 1.7 Trillion in the same year (Florence, Luo, and Rice, 2021). The cri-
sis has been linked to increasing emergency department visits, rising pharmaceutical
costs, and increasing overall healthcare costs in the U.S. (Maclean et al., 2022). Al-
though the economic burden in Canada has not been as extensively studied, this un-
derlines the substantial strain that opioid-related harms impose on healthcare systems
and the economy at large.

The sharp rise in opioid-related deaths during the late 2000s highlighted the short-
comings of traditional punitive strategies in addressing the complexities of opioid
misuse, sparking a broader discussion on effective policy approaches. This debate,
much like earlier discussions in the economics of crime regarding “deterrence ver-
sus rehabilitation” (Becker and Murphy, 1988; Nagin, 2013), has divided the literature
on drug policy. The central contention revolves around the contrasting paradigms of
zero tolerance and harm reduction (Houborg, Frank, and Bjerge, 2014; Marlatt, 1996;
Sung, 2003). In light of these debates and the persistent challenges posed by opioid
misuse, public health officials have increasingly turned to harm reduction strategies
as a potential solution. In effect, harm reduction policies are those that move away
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Figure 4.13: Canada - Overall Count of Deaths and Hospitalizations

Figure 4.13 above plots data from the Government of Canada’s Opioid and Stimulant Related
Harm data and plots overall counts of deaths and hospitalizations in Canada. This data is
available online from https://health-infobase.canada.ca/substance-related-harms/
opioids-stimulants/.

Figure 4.14: Toronto - Overall Count of Deaths

Figure 4.14 above plots the overall count of opioid related deaths in Toronto from 2015 to 2023.
This data is available from Government of Canada’s Opioid and Stimulant Related Harm Data
https://public.tableau.com/app/profile/tphseu/viz/TOISDashboard_Final/
ParamedicResponse.

from the “zero tolerance approach” to drug use in an embrace of harm mitigation.
These policies operate under the assumption that some drug users are unable to cease
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drug use behaviors and prioritize short-term and realizable goals (Single, 1995). In
the context of the opioid crisis, notable harm reduction approaches include syringe
exchanges, increasing access to Naloxone and Narcan (overdose reversal drugs), and
buprenorphine/ methadone administration (“safer” substitutes) (Cawley and Drag-
one, 2023; Doleac and Mukherjee, 2018; Goyer, Castillon, and Moride, 2022; Maclean
et al., 2022). One form of harm strategy, and the focus of this study, that has gained
increasing attention is the implementation of supervised consumption sites (SCS).

SCS, sometimes also referred to as “supervised injection sites”, are medical facil-
ities which are designed to prevent incidents of overdose and overdose mortality by
providing a designated space for people who use drugs (PWUD) to consume pre-
obtained substances under the safety and support of trained medical professionals.
Canada’s first SCS, Vancouver’s Insite, opened in 2003 and was largely seen as a suc-
cess, with several descriptive studies concluding that Insite was a cost effective way to
reduce incidents of opioid related harms such as mortality, overdose, and HIV trans-
mission (Young and Fairbairn, 2018). Despite this evidence, the Canadian government
from 2006 to 2015 staunchly opposed the opening of new sites which required an ex-
emption from Canada’s Controlled Drugs and Substances Act (section 56) (Government,
2013). In practice, this exemption was exceedingly difficult to obtain, with Insite re-
maining the only site in operation, despite high demand in other cities and towns
across Canada. Despite the success of Insite and the growing body of evidence sup-
porting SCS, these facilities were subject to intense scrutiny and opposition.66 Critics
have long suggested that SCS, in enabling PWUD, could lead to increased drug use,
and a host of localised negative spillovers associated with the sites.67

While Insite remained the only SCS in Canada for nearly a decade, the landscape
changed dramatically with the introduction of the newly elected Liberal party lead-
ership’s Bill C-37 (of Canada, 2016). C-37 was included in the Controlled Drugs and
Substances Act (CDSA) and vastly simplified the eligibility criteria and streamlined
the application process for opening and operating a legally licensed SCS in line with
federal standards. For instance, prior to the passage of Bill C-37, potential sites were
required to meet 26 criteria in order to be considered for an exemption to gain permis-
sion to operate. After the bill, these requirements were significantly reduced to 5 clear
criteria. Following C-37’s implementation, the number of SCS in Canada ballooned
from 1 to 51 over the course of four years, with 17 opening between 2016 and 2017 and
at least 35 still in operation across Canada today.68

This paper focuses on the opening of SCS that are distinct from the more common
grassroots Overdose Prevention Sites (OPS), which have and continue to be operated

66See Boyd (2013) for an overview of the evidence on Insite, and how this evidence ultimately led to
the passage of C-37.

67Section 4.3 provides an overview of literature concerning harm reduction, and supervised consump-
tion policies.

68As of September 24, 2024.
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illicitly in many cities across Canada, including Toronto, since the early 2000s. OPS
sites have been criticized for operating under unsanitary conditions, irregular hours,
and untrained staff which often would not meet the eligibility to gain federal SCS
status. Further, the sporadic opening and closure of OPS makes robust analysis of
these types of premises difficult. It is also possible that some OPS continued operat-
ing alongside newly opened SCS, which may have muted the measurable impact of
the SCS on outcomes like overdose callouts. As such, the estimates presented in this
paper may reflect a lower bound on the true effects of formal SCS, particularly if in-
dividuals were already accessing some form of unsanctioned support prior to official
site openings.

While the rapid expansion of SCS in Canada following the implementation of Bill-
35 provides ample opportunities for analyzing the impact of these sites across Canada,
this analysis focuses specifically on Toronto. Toronto’s significance as Canada’s largest
metropolitan area, coupled with the availability of detailed open data from the Toronto
Police Service, makes it an ideal case for this study. The accessibility and comprehen-
siveness of Toronto’s data allow for a more precise and feasible analysis of the impact
of SCS, particularly in understanding the localised effects on incidents of overdoses,
crime, and mental health apprehensions. By concentrating on Toronto, we can lever-
age unique neighborhood level data to conduct a thorough evaluation of the effective-
ness of harm reduction policies. Beginning in late 2017 with The Works, Toronto’s first
SCS, over the course of 5 years the Canadian government approved 11 sites in Toronto
with the bulk of them (6) opening in 2018.69

4.3 Literature

In this section, we aim to meet two aims. First, we contextualize the primary findings
of this study, on the impact of SCS on overdose callouts, within the existing literature
on opioid related harm reduction strategies and supervised consumption sites. We
follow this by contextualizing our paper within the economic framework of “moral
hazard” to explore mechanisms which may be driving the results. In doing so, we are
able to examine whether the presence of SCS has an influence on the perceived risk of
drug use.

4.3.1 Opioid and Drug Related Harm Reduction

This study addresses an important gap in the literature concerning the effectiveness
of harm reduction strategies as a potential solution to the opioid crisis. While there
are a number of papers which look into the efficacy of various harm reduction strate-
gies, like needle exchange programs (Franco and Koster, 2024; Strathdee and Vlahov,
2001; Wodak and Cooney, 2006), the provision of housing (Strathdee et al., 2006), and

69See map in Section 4.4 below for a map of Toronto’s sites.

91



various approaches to spur cigarette smoking (Friedman, 2015; Friedman and Pesko,
2022), few studies have examined SCS, and no study has provided robust causal evi-
dence on health and crime effects.

A number of descriptive papers have looked into the effect of SCS on health out-
comes and generally point to reductions in overdoses and overdose mortality.70 One
example, a recent descriptive study in the public health literature (Rammohan et al.,
2024b) uses publicly available geographic data to look at the effect of Toronto’s SCS
on overdose mortality and finds that Toronto’s sites led to a reduction in overdose
mortality by around 2 overdoses per 100,000 people. While suggestive, the design
lacks a formal counterfactual and may overstate the true effect, especially if sites were
targeted to high-risk areas where overdose rates were already peaking or beginning
to decline. Given these limitations, the estimated reduction may be somewhat too
large. Our own study focuses on emergency overdose callouts, which serve as an in-
termediate measure of overdose risk. If SCS were driving large reductions in overdose
mortality at the population level, one might expect parallel declines in callouts. How-
ever, we find no clear evidence of such a pattern, which helps to contextualize the
descriptive findings and suggests a more cautious interpretation of their magnitude.

Another recent study (Franco and Koster, 2024) analyses the impact of Dutch “drug
consumption room” (DCR) and finds that the closure of these sites led to an increase
of drug use by around 13 percentage points. They also look at the impact on crime
and housing prices and provide some evidence that crime decreased by around 24%
and lead to marginal increases in housing prices. While they use a similar identifica-
tion strategy to ours, they measure the effect of site closure on drug use by leveraging
self reported survey responses to the Longitudinal Internet studies for the Social Sci-
ences (LISS). While this dataset has many advantages, including an abundant arrange-
ment of relevant socioeconomic covariates, previous literature has discussed limita-
tions implicit in using multi-purpose longitudinal studies in substance abuse research,
where key demographic groups are commonly under-reported or include unreliable
responses (Evans et al., 2010; Farabee, Hawken, and Griffith, 2011). Additionally, the
paper does not include event study plots to examine how treatment effects evolve over
time. The inclusion of event study plots is generally standard practice in difference-in-
differences setups because it can help give readers an idea of pre-treatment trends and
assess the plausibility of the parallel trends assumption. Finally, their setting focuses
primarily on SCS closures, which may be less informative for policymakers since clo-
sures often reflect shifting political or neighborhood pressures rather than deliberate
policy design. In contrast, openings provide a more relevant context for evaluating
whether introducing SCS can effectively address public health and safety concerns,
which is the central focus of most policy discussions.

70See Levengood et al. (2021) for an overview of the existing literature prior to 2021.
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Two other papers also look at the impact of SCS on housing prices (Liang and
Alexeev, 2023b; Schaefer and Panagiotoglou, 2024) with the former using a spatial DID
method and the latter using a hedonic price model. These papers are among the few
to look into the spillover effects of supervised consumption sites. Both papers point
towards moderate and short-term adverse effects on house prices immediately follow-
ing the opening of the sites. Aside from Franco and Koster (2024) referenced above,
no other economic studies that we are aware of look into the effect of supervised con-
sumption sites. Thus, while existing literature provides some valuable insights into
the effects of harm reduction strategies, particularly on house prices, there remains a
significant gap in in the literature which evaluates the causal effects of these sites, par-
ticularly with respect to their intended effect on health outcomes and other important
spillovers such as crime and mental health.

4.3.2 Moral Hazard, Crime, and Mental Health

This study contributes to several strands of economic literature, particularly in how
our findings relate to the theory of moral hazard, a concept first popularized in Peltz-
man (1975). This seminal study suggests traffic laws which target safety, like the in-
troduction of mandatory seatbelt laws, could lead to an unintended increase in risky
driving as drivers compensate for the lower perceived cost of risky driving. This con-
ceptual framework has also been applied to harm reduction policies. For instance
Packham (2019) applies this framework to examine the impact of syringe exchange
programs (SEPs) in North America, which were designed to reduce HIV transmission
among PWUD by providing sterile syringes and facilitating safe disposal after use.
They find that while SEPs decreased the spread of HIV, these benefits were at least
partially offset by a significant rise in opioid use, opioid overdoses, and opioid poi-
soning related mortality. Deiana and Giua (2021) makes a similar claim, and associates
naloxone distribution programs, with rising opioid related ER visits and crime.

On the contrary, a separate strand of literature focusing on Naloxone training pro-
grams and naloxone co-dispensing programs find no evidence of moral hazard (Bin-
swanger et al., 2022; Colledge-Frisby et al., 2023; Rees et al., 2017). With this back-
ground in mind, this study aims to contribute to the economic literature by providing
evidence on a link between “moral hazard” and introduction of SCS.71

Despite widespread discussion and news coverage, there is limited evidence re-
garding the association between SCS and crime. One study looks into trends in crime
before and after the opening of the first SCS in Australia, and found no significant
effects (Freeman et al., 2005). Franco and Koster (2024) also links Dutch drug con-
sumption rooms with lower levels of crime. Some previous studies have examined the

71Franco and Koster (2024), as outlined earlier, discusses the effect of supervised consumption sites in
the context of a “moral hazard” mechanism. The study provides a comprehensive overview of effects of
SCS on health outcomes, with results pointing to absence of a moral hazard mechanism. Nonetheless,
the authors noted that the estimates should not be interpreted as causal evidence.
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effect of harm reduction programs on crime, with some indicating that programs may
increase crime by encouraging risky behavior (Colledge-Frisby et al., 2023; Deiana and
Giua, 2021), and others concluding that these programs might lead to a reduction in
crime (Bondurant, Lindo, and Swensen, 2018; Freeman et al., 2005).

We contribute to the ongoing debate on harm reduction policies and concerns
about moral hazard by offering new evidence on the impact of SCS, leveraging geo-
located data on health and crime in Toronto. While descriptive studies have generally
pointed to reductions in overdose mortality and improvements in drug-related out-
comes following the introduction of SCS, these findings are often based on simple
pre-post comparisons or trend analyses that lack credible control groups. As such,
they may overstate the benefits of SCS by failing to account for broader secular trends
or the possibility of regression to the mean in areas selected for treatment. For ex-
ample, sites are typically located in areas already experiencing high overdose rates,
making it difficult to disentangle true policy effects from underlying trends without a
valid counterfactual.

Our study addresses this gap by using a more rigorous identification strategy to
estimate the causal impact of SCS on key outcomes, including emergency service use,
drug-related crime, and mental health crises. This allows us to test whether the more
optimistic conclusions of prior descriptive work hold up under causal scrutiny, and to
provide a clearer benchmark for policymakers weighing the tradeoffs of SCS imple-
mentation.

4.4 Data

4.4.1 Primary SCS Data

To assess the impact of SCS in Toronto, we first needed to find data on exact loca-
tion and opening date of each site. As of fall of 2024, Public Health Canada does not
provide historical data on the opening and closing of SCS. Thus, in early 2023, we
collected historical data on all SCS in Canada from various sources.

Our primary source is the web archived Canadian Health Supervised Consump-
tion Site approvals page which lists, as of the last webpage update, which sites Health
Canada had approved. A secondary source of information on the opening and closing
of the sites was archived Google news articles.72 To ensure the identification of all
approved sites, we employed a systematic approach, beginning with a broad search
at the provincial level and progressively narrowing the focus to major cities, smaller
municipalities, and towns. Using Google News archives, we applied Boolean search
terms related to supervised consumption sites, filtering results within quarterly date

72We were able to locate news articles covering the opening of every SCS approval listed on the Cana-
dian Health website. At the time, the opening of these sites were subject to intense debate, and news
coverage was plentiful
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windows from 2016 to 2021.73 An example, where only a single news source was
available, we conducted follow-up phone calls to the sites to verify details. This step
was also essential for confirming dates and addresses when sites had relocated. In
two cases where sites had closed and we could not verify closure dates through news
articles or phone interviews, we defaulted to the dates provided on the web-archived
CHI website.74

Using the methods listed above, we were able to confirm the opening of 52 Canada
Health approved supervised consumption sites beginning in January of 2016 and end-
ing in July of 2022. Over this period 15 sites either closed or moved. We believe this
dataset to be the only comprehensive source of historical Canadian Health Institute
approved SCS openings and closings in existence.

Figure 4.15: Toronto Supervised Consumption Sites Map

Figure 4.15 above displays all neighborhoods within the city of Toronto, with the locations of 11
supervised consumption sites (SCS) marked in red. The map serves as a reference for understanding the
geographic relationship between SCS and their surrounding areas, which is essential for spatial
analyses of their impacts on public health and emergency services.

73There were no SCS prior to the opening of The Works in November of 2017.
74Before 2017, the Canadian Health institute did not publish SCS approvals on their website. There-

fore, for pre 2017 sites, we are unable to corroborate our findings from news sources with official CHI
documentation.
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This analysis makes use of a subset of this database which focuses on Toronto site
openings from November of 201775 to March of 2019. In this period, no sites in Toronto
moved or closed. Table 4.4 presents the historical rollout of Supervised Consumptions
Sites in Toronto.

Table 4.4: Supervised Consumption Sites and Opening Dates

Consumption Site Name Opening Date

The Works 11/8/17
South Riverdale Community Health Centre (keepSIX) 11/27/17
Fred Victor Centre 2/21/18
Parkdale Queen West Community Health Centre 3/16/18
Kensington Market 4/27/18
Regent Park Bevel Up CTS Site 5/1/18
Moss Park 6/1/18
Street Health 6/27/18
Parkdale Supervised Consumption Site 3/29/19
Casey House 8/1/21

Note: Opening dates reflect the actual opening date of the SCS and not the legal
approval date of the C-37 exemption. Our analysis excludes Casey House, as its
opening falls after COVID-19.

4.4.2 Toronto Police Open Data

Our outcome variables come from the Toronto Police Service Public Safety Data Por-
tal (TPS). The portal provides public access to all data collected or maintained by the
Toronto Police Service, excluding any identifiable personal information including de-
tailed individual characteristics. To outline the impact of SCS on emergency overdose
callouts, drug related crime, and mental health crises, we use distinct TPS subsets
which focus on each topic, namely the Person in Crisis (PIC) Calls for Service dataset,
TPS Neighborhood Crime data, and the Mental Health Act (MHA) Apprehensions
subset. A key feature of the TPS data is that many of the subsets, including the ones
used in this analysis, provide neighborhood level geographic information on observa-
tions. One drawback of the TPS open data, and the use of Toronto neighborhood level
data in general, is a lack of information on time varying covariates such as neighbor-
hood demographics and migration. Demographic data does exist, but is only updated
in census years (every 5 years), therefore we can’t use them, as we leverage quarterly
frequency in our analysis.

While the TPS makes all data from January 2011 to present available, we restrict
the analysis period to late 2016 through 2019 to provide a clear view of the impact
of supervised consumption sites (SCS) on relevant outcomes, avoiding the confound-
ing effects introduced by COVID-19. During the pandemic, many SCS locations in

75Toronto’s first site opening date.
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Toronto either closed temporarily or operated at limited capacity, leading to inconsis-
tent service availability that would obscure the effects of these sites on public health
and safety.76 By focusing on the period just before the pandemic, we ensure that ob-
served impacts are attributable to the regular operation of SCS and not influenced
by the significant disruptions and behavioral changes related to COVID-19. This re-
stricted timeframe captures the immediate pre- and post-implementation periods in a
stable context, enabling a more reliable assessment of SCS outcomes. In our robust-
ness section we include results which use all pre-treatment periods, from Q2 of 2014,
to show that our results are robust.

While the three TPS subsets used generally follow the same structure, below, we
briefly discuss each of them separately. Our primary results focus on the impact of
SCS on emergency overdose callouts uses the Person in Crisis (PIC) Calls for Service
dataset which includes all emergency calls associated with the following event types:
attempted suicide, person in crisis, overdose, and threatened suicide. Here, each row
denotes an incident occurrence. Important variables include the event date and hour,
event type description, and the neighborhood in which the event occurred. We clean
the data to only include overdose related incidents. See Figure 4.17 below for trends in
callouts for each treatment group77 and Figure 4.16 for a heat map of overdose callouts
in Toronto in the last pre-treatment year, 2016. In looking at Figure 4.17, we cannot
confidently assert that the treated groups follow parallel trends with the never-treated
groups in the pre-treatment period. It is important to briefly address these descriptive
differences. While treated sites show some deviations from the untreated sites pre-
treatment, there does not appear to be a systematic pattern, nor does treatment timing
seem to align consistently with peaks or drops in the outcome variable. Some of these
trends could be driven by the large number of control neighborhoods with little or no
overdose activity, which pulls down the average. When focusing on higher-need areas
within the control group, the levels of callouts prior to treatment are more comparable
to those in treated neighborhoods.78 The difference in levels may make trends appear
non-parallel, but once we condition on high-risk areas or examine group-specific dy-
namics, the concern is less clear-cut. In addition, the event study and group-time ATT
framework mitigate these concerns by leveraging untreated observations in untreated
periods, while allowing for variation in timing and levels across groups.Additionally,
our estimator conducts analysis by group, and the event study will provide some in-
sight into potential violations of the parallel trends assumption.

It is also worth noting that overdoses occurring within SCS facilities are typically
managed by on-site staff and do not result in emergency callouts. As such, any re-
ductions in overdose-related incidents captured in this dataset may, in part, reflect

76See Cassie et al. (2022).
77For a discussion on treatment assignment, see section 4.4.3. Find a similar plot for crime outcomes

in Figure C.1 and in Figure C.2.
78Find further discussion in 4.6.1.
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improved management rather than a direct decline in the total number of overdoses.
However, this distinction does not diminish the relevance of our findings. From the
perspective of the healthcare system and the broader community, preventing the need
for ambulance dispatch is a meaningful outcome. It signals a reduction in the most
acute, resource-intensive overdose events and reflects one of the key aims of SCS, to
reduce pressure on emergency services by handling overdoses in a safer, controlled
setting. Therefore, even if some portion of the observed decline is mechanical, it is
still consistent with the public health goals that underpin SCS implementation.

Figure 4.16: Log Overdose Emergency Responses in Toronto

Figure 4.16 visualizes the log-transformed number of overdose emergency callouts across Toronto
neighborhoods, based on data from the Toronto Data Service. Darker red areas indicate neighborhoods
with higher incidents of overdose-related emergency responses. Neighborhood boundaries are plotted
to highlight geographic variations in emergency service demand.

To evaluate neighborhood level crime, we use the Neighborhood Crime dataset.
Similar to the PIC data above, the dataset is relatively concise and includes row ob-
servations on crime reports by neighborhood. Key variables include the date of the
incident, spatial neighborhood data, and a 4 category MCI code. This includes codes
for assault, incidents of breaking and entering and robberies and theft over CA$ 5000.
We focus on breaking and entering and assault due to these crimes having a long-
standing association with drug use (Doleac and Mukherjee, 2022; Maclean et al., 2022;
Sim, 2023). See figure 4.18 below for a heat map of the geospatial distribution of as-
sault callouts in Toronto in 2016.

98



Figure 4.17: Callouts per 1000 People By Treatment Group

Figure 4.17 plots the descriptive trends in callouts per 1000 people for each treatment group and control
group. Treatment groups are denoted with different shapes based on their quarter of first treamtnet.

Figure 4.18: Geospatial Distribution of Assault Callouts per 1000 People

Figure 4.18 illustrates the geospatial distribution of assault incidents per 1,000 people across Toronto
neighborhoods, based on data from the Toronto Data Service. Darker shaded areas represent
neighborhoods with higher rates of assault-related emergency callouts. Neighborhood boundaries are
plotted to emphasize spatial patterns and disparities in crime distribution.
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Finally, we make use of the Mental Health Act (MHA) Apprehension data to test
if SCS lead to increases or decreases in extreme cases of mental breakdown which
require police apprehensions. In Canada, Mental Health Act (MHA) apprehensions
refer to instances where law enforcement or medical professionals detain individuals
under the Mental Health Act due to concerns about their safety or the safety of others,
enabling them to be taken to a healthcare facility for psychiatric assessment and care.
This dataset is recorded in a similar manner to the above datasets.

To analyse trends over time, we convert the row-wise incident observations into
quarterly neighborhood-level counts. In this setup, our unit of analysis is defined at
the neighborhood level at a quarterly frequency. Our primary outcomes for emer-
gency overdose calls, crime, and MHAs use simple incident counts per 1000 by neigh-
borhood and quarter. We use the simple incident per 1000 variable for our primary
results in light of recent literature which outlines how the misinterpretation and mis-
use of near zero transformed outcome variables can lead to bias (Chen and Roth, 2024).
Still, to ensure that our results are robust to the distributional properties of the data,
we apply alternative transformations to our outcome variable. We do this in two ways,
first we transformed the outcome variable using log(1+x), where x represents the raw
count of overdose callouts. This transformation helps mitigate skewness in the data
and helps account for observed zero values. Second, we applied the inverse hyper-
bolic sine (IHS) transformation defined as arsinh(x) = log(x +

√
x2 + 1). The IHS

transformation behaves similar to log(Y) but is well defined at zero. In Figures C.11
and C.12 we show that our results are robust to these alternative transformations.

4.4.3 Treatment Assignment

Over the course of 5 years, 11 SCS have been opened at varying times in Toronto
beginning in November of 2017 with the most recent site having opened in January of
2021. In this setting, where distinct neighborhoods in Toronto are the unit of analysis,
we define treatment status relative to the distance to the nearest newly opened SCS.

Here, we employ the DID framework to estimate the average treatment effect on
the treated (ATT). Due to the staggered rollout of SCS, where sites have sporadically
opened over time and there are no incidents of treatment reversal (i.e. a site closure) we
use the Callaway and Sant’Anna (2021) (CS) method where treatment status is defined
by geographic distance from a supervised consumption site. We compile callouts into
quarterly aggregates where if a SCS is opened within a given quarter, observations
associated with that quarter and every following quarter are considered to be in the
post-treatment period.

Our primary identification strategy defines neighborhoods as being treated if the
centroid of a given geographic neighborhood falls within a 1,000 meter radius of a su-
pervised consumption site. Once a neighborhood is assigned to a treatment group (i.e.
it falls within the catchment area of an SCS), it will remain in that treatment group. For
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example, if a neighborhood centroid is within the radius of the first SCS opening in
the post-treatment period, even if a subsequent SCS opens which is closer in distance
to the neighborhood, the treatment status will remain unchanged. This treatment as-
signment strategy can be expressed mathematically, following equations 7 below.

Let:

Sn = {s ∈ S|d(n, s) ≤ 1000 meters} (5)

Here, S represents the set of all supervised consumption sites (SCS), and d(n, s)
measures the distance between the centroid (geographic center) of a neighborhood n
(where n belongs to the set of neighborhoods N) and a specific supervised consump-
tion site s (where s belongs to S). To show treatment assignment relates to timing
equation 6 below provides additional context.

Following this, let:
tfirst
n = min

s∈Sn
ts (6)

Where ts is the opening time of SCS s and t f irst
n is the earliest opening time of any SCS

within 1,000 meters of neighborhood n’s centroid.

This approach assumes that the initial exposure to an SCS has a lasting impact
on the neighborhood, and that subsequent openings do not meaningfully change the
treatment status. To address concerns about a neighborhood being exposed to an ad-
ditional site in later periods, we also test an alternative treatment definition that ex-
cludes “double” treated observations, or the cases where a neighborhood is exposed
to a second SCS within a 1,000 meter radius. Results are consistent with the results in
our main specification and can be found in the Appendix. We excluded double-treated
neighborhoods in this robustness check primarily to address concerns about potential
overcrowding at SCS sites. If overdoses were underreported in areas where initial
sites were at capacity (leading to the opening of additional nearby sites), our baseline
estimates might conflate the effects of treatment saturation with the independent im-
pact of a single site. By isolating neighborhoods exposed to only one SCS, we ensure a
cleaner comparison and mitigate bias from such dynamics. A dosage measure (e.g., 1
vs. 2+ sites) could offer additional insights, but we prioritized simplicity here for two
reasons: First, the primary policy question revolves around the impact of access to any
SCS, rather than incremental effects of additional sites. Second, without more robust
data on the factors influencing site selection, we prioritized a more transparent and
conservative comparison by focusing on single exposures. Future work could explore
dosage effects if clearer data on site-selection criteria become available.
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We choose a baseline distance of 1,000 meters in line with survey results stating
that this was the maximum distance PWUD are willing to travel Hyshka et al. (2016).
We also provide a series of robustness checks to show that our results are not sensitive
to decreases or increases in this threshold. Further, we also test an alternative treat-
ment definition where we consider units treated based on if the geographic boundaries
of a neighborhood, as apposed to if a neighborhood centroid, falls within the “catch-
ment radius” of a supervised consumptions site. This alternative treatment definition
yields similar results to our primary results and will be discussed in section 4.6 and
displayed in the Appendix in figure C.8.

Figure 4.19: Treatment Group Map

Figure 4.19 above displays supervised consumption sites (SCS) across Toronto using distinct shapes
to represent individual locations. Neighborhoods are color-coded based on their assigned treatment
groups, reflecting the timing of SCS implementation. The visualization provides a clear geographic
overview of treatment group boundaries and SCS distribution.

Finally, to capture the staggered nature of SCS location openings where treatment
is assigned over time we can refer to Figure 4.19 which plots each neighborhood treat-
ment group in different colors.

Here, we can see that there is substantial variation in the number of treatment
units in each treatment group, and that the first few supervised consumption sites con-
tribute to a larger number of neighborhoods moving from untreated to treated. This
occurs because as additional sites are rolled out, they often overlap with areas already
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exposed to earlier sites due to their proximity. As a result of this, 11 neighborhoods are
attributed to group 1, with all other groups representing less than 5 neighborhoods.

In Toronto, SCS site selection was formally guided by a combination of public
health criteria (e.g., existing harm reduction services, visible public drug use) and
community/political considerations (e.g., municipal zoning, local stakeholder sup-
port). While overdose hot spots were a factor in broad prioritization, the final place-
ment of sites depended heavily on operational feasibility, including building availabil-
ity and willingness of host organizations, rather than short-term changes in overdose
trends.

For our research design, this timing and location process helps mitigate concerns
about endogenous placement: because sites required months of planning (including
community consultations and federal approvals), their openings were unlikely to be
direct reactions to contemporaneous neighborhood-level overdose spikes.

That said, we acknowledge that unobserved neighborhood factors could correlate
with both SCS placement and overdose risk. We address this in two ways: (1) neigh-
borhood fixed effects absorb time-invariant confounders, (2) our robustness checks
exclude ‘double-treated’ areas where placement may reflect saturation effects. Future
work could more rigorously investigate site-selection mechanisms with institutional
data.

4.5 Empirical Strategy

Our empirical estimation strategy makes use of the generalized difference-in-differences
(DID) approach to estimate the effect of the opening of supervised consumption sites
in Toronto on a number of outcomes, including the prevalence of overdose emergency
callouts, crime, and mental health apprehensions. In our specification using the TPS
data, we exploit neighborhood and time variation in SCS adoption.

In our setting, SCS are implemented in different geographic areas at different times,
therefore we adopt the CS method, that allows for a staggered design with multiple
treatment groups and periods, and it is robust to potential heterogeneity in treatment
timing. Historically, in similar research settings it was common to model the estimated
effect of the policy by employing the standard two-way fixed effects (TWFE) model to
estimate the average treatment effect on the treated (ATT), controlling for group and
time fixed effects. While modified TWFE estimators can be used in a setup similar
to ours by adding a series of dummies to account for time heterogeneity as described
in Wooldridge (2021), the canonical TWFE has received valid scrutiny in recent years
beginning with Goodman-Bacon (2021)

Previous literature outlines several limitations of this approach including addi-
tional stringent assumptions implied in TWFE estimation that are easily violated by
setups with differential treatment timing (Callaway and Sant’Anna, 2021; Goodman-
Bacon, 2021; Sun and Abraham, 2021). One main issue with using the TWFE model
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with multiple treatment timing is that it compares all treatment groups regardless
of treatment timing of each group. In our specification, we are ideally interested in
comparing treated groups to groups that are not yet treated, or will never be treated.
TWFE, by design, estimates the ATT by including comparisons between treated groups,
and those already treated (‘late treated’ with ‘early treated’). This comparison is gen-
erally a bad comparison which leads to biased estimates because outcomes for the
already treated group include treatment effect dynamics. In effect, already treated
groups are not a good representation of the counterfactual for the treatment group,
had the treatment not occurred (Callaway and Sant’Anna, 2021). With this in mind,
we apply the alternative DID estimator proposed by Callaway and Sant’Anna (2021)
which is robust to setups with differential treatment timing and treatment effect het-
erogeneity.

The estimator proposed by Callaway and Sant’Anna (2021) requires our specifica-
tion to meet certain assumptions. We first denote {Yn1, Yn2, ..., Ynj, Xn, Dn1, Dn2, ..., Dnj

n
n=1}

where Yn denotes an outcome of interest (overdose callouts, ect...) for any neighbor-
hood where Dn marks the treatment indicator. The CS estimator also requires treat-
ment irreversibility, meaning that treatment status must be permanent. We maintain
the irreversible treatment assumption as once neighborhoods are first treated, they re-
main treated in all observed periods. Treated groups in the post-treatment period
are denoted by G, with not-yet-treated groups expressed as g. Treatment groups,
Gg ∈ {0, 1} is a binary variable which indicates that a neighborhood within group
G is first treated in period g. We can adequately express this difference-in-differences
framework through potential outcome notation using equation 7 below:

Ynt = Ynt(0) +
T

∑
g=2

(
Ynt(Dn = g) − Ynt(0)

)
· Gng (7)

Where Ynt(0) stands as the counterfactual and Ynt(Dn = g) denotes the potential
outcome that a neighborhood n would experience at time t if they were to be treated
first at the time period g. Equation 7 provides the intuition behind the DID estimator
where treatment effect is isolated by finding the difference between treated outcome,
Ynt(g) and the counterfactual Ynt(0).

The CS estimator effectively solves the issues that plagues TWFE by calculating a
series of simple 2 X 2 DD for each group, at each time period. This approach essentially
isolates specific group-time average effects, ATT(g,t), unique to each individual group,
g in each period, t. Here, each g is defined as a cohort of units which are treated in
the same time period. We estimate the group-time average treatment effects with the
following specification, where we use never treated and not yet treated groups as our
control units:
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ATTg,t = E [Yt − Yg−1|Gg = 1] − E [Yt − Yg−1|Dt = 0, Gg = 0 or Gg ̸= 1] (8)

Here, treatment groups, G, can contain more than one neighborhood when their
implementation dates coincide. Equation 8 estimates the ATT for outcome variable Y
at time t for treated units first treated in time g. This simple 2X2 calculates the differ-
ence in expected change in Y for treated units to the change in units that are eventually
treated or never treated but are yet to be treated at time t (expressed by Dt = 0). Us-
ing this specification, we obtain a vector of ATT’s for each group in each period. This
approach gives the CS estimator a significant advantage over other staggered DID es-
timators79 by allowing us to observe group-time average treatment effects rather than
pooling across units. In our context, this is especially valuable for identifying how dif-
ferent cohorts respond following treatment and for detecting possible spillover effects
from previously established SCS sites in nearby area

Crucially, the CS estimator also relies on the parallel trends assumption to hold.
The parallel trends assumption in this setting posits that, in absence of treatment,
the outcomes of treated, not-yet-treated and never treated groups would have fol-
lowed similar trends over time. This means that the trajectory of outcomes in the
post-treatment period for the treated groups should mirror the outcomes of untreated
groups if they had not received treatment or will never be treated. Formally, we as-
sume that:

E[Ynt(0)− Ynt−1(0)|Gg = 1] = E[Ynt(0)− Ynt−1(0)|Gg = 0] (9)

Here, Ynt represents the potential outcome in the absence of a treatment for a neigh-
borhood n at time t. This assumption implies that any observed difference in outcomes
pot-treatment are attributable to the treatment itself rather than pre-existing trends or
unobserved factors. While it is not possible to test the validity of the parallel trends
for the counterfactual outcome, the scenario in which treated units did not become
treated, we can infer whether the parallel trends hold in the pre-treatment period by
using event study estimates to confirm that the pre-treated trends for the treated group
do not differ substantially from those of the never-treated groups.

In equation 9 above, the first term represents the expected change in the outcome
for treated units, Gg = 1 from the pre-treatment period t − 1 to the post-treatment
period t,and the second term represents the expected change in the outcome for the
not-yet-treated or never treated units over the same time.

79This refers to the DID estimators proposed in Callaway and Sant’Anna (2021) and Sun and Abraham
(2021).
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4.6 Results

As a starting point, we display our results which examine whether the SCS rollout in
Toronto had any impact on emergency response overdose callouts in the surrounding
neighborhoods. Next, we analyse the effect of SCS introduction on important com-
munity spillovers, namely, crime and incidents of mental health apprehensions. For
each outcome, we present both regression summaries and event study results. Event
studies will be used to analyse treatment heterogeneity over time and to check for
evidence of parallel trends assumption violations.

4.6.1 Overdose Callouts

Descriptive Analysis. We first examine the effect of the SCS rollout on the prevalence
of overdose callouts. We begin by briefly discussing the simple descriptive trends in
the incidents of overdose callouts in Toronto which we report in Table ??. The table
shows the average number of callouts (standardized per 1,000 people) for both the
treatment and control group totals. For better readability, the post-treatment period
averages, regardless of treatment group, include all observations which occur after
quarter 4 of 2017, or the opening of the first site.

Table 4.5: Descriptive Averages for Pre- and Post-Treatment Periods

Variable Pre-Treatment Mean Post-Treatment Mean

Callouts per 1000
Control Group 0.152 0.210
Treatment Group 0.489 1.37

Assult Reports per 1000
Control Group 1.54 1.64
Treatment Group 2.87 3.13

Break & Enter Reports per 1000
Control Group 0.63 0.67
Treatment Group 0.96 1.36

Mental Health Apprehensions per 1000
Control Group 0.63 0.72
Treatment Group 1.22 1.42

Note: The table shows pre- and post-treatment means for both control and treatment groups.
Pre-treatment and post-treatment periods reflect averages before and after exposure to treatment. Here,
the post-treatment period observations include observations from all treatment groups pooled after Q4
2017. The data in this table comes from Toronto Police Service Public Data Portal described in 4.4.

In the section on Callouts per 1,000, the pre-treatment mean levels differ sub-
stantially between the control and treatment groups. Specifically, the control group
averages 0.152 callouts per 1,000 people, while the treatment group exhibits higher
levels prior to the intervention. This indicates that neighborhoods where supervised
consumption sites (SCS) were eventually established generally experienced a greater
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number of callouts in the periods leading up to treatment. In the post-treatment pe-
riod, both groups show an increase in these averages, a pattern consistent with trends
observed across much of Canada (Canada, 2024a). This increase is more pronounced
in the treatment neighborhoods, where the average number of callouts per 1,000 rises
by over 150%. While this alone might suggest that the establishment of SCS is asso-
ciated with a greater increase in overdose callouts compared to untreated neighbor-
hoods, we present evidence below that challenges this interpretation.

It is important to note that these means do not capture the full story. For instance,
the control group includes many more neighborhoods, with 119 untreated neighbor-
hoods compared to 21 which are treated. In a landscape where overdoses tend to be
concentrated in specific areas, as shown in figure 4.16, whether treated or untreated,
we expect the large number of control group observations to be underemphasizing the
effect of the most severely impacted neighborhoods within that group. For reference,
when isolating control group neighborhoods within the top 10% of callouts, the pre-
treatment average number of callouts is around 0.686, a figure much more in line with
the treatment group average. Although baseline levels differ to some extent between
treated and untreated neighborhoods, the decision to include the full set of controls
is guided by the need to maintain statistical power. Many untreated areas still ex-
hibit meaningful levels of overdose activity, and excluding lower-risk neighborhoods
would lead to substantially wider confidence intervals and limit the ability to detect
treatment effects. Comparisons are made only in periods when both treated and com-
parison units are untreated, and identification relies on variation in treatment timing
across groups. This structure limits potential contamination from already treated units
and helps mitigate bias from differences in baseline levels or outcome dynamics.

While the untreated group includes many more neighborhoods, their inclusion is
supported by the broader spatial distribution of overdose activity across Toronto. As
shown in Figure 4.16, several untreated areas exhibit high baseline levels of overdose
callouts and share characteristics with treated neighborhoods. The estimator leverages
both never-treated and not-yet-treated areas in untreated periods, which helps ensure
that the comparison is driven by meaningful variation across time and space rather
than simple differences in levels. This design, along with the event study, provides a
credible framework despite variation in baseline intensity.

Estimated Effects. Table 4.6 displays a summary of our results on overdose call-
outs, where the coefficient can be interpreted as the effect of an SCS on neighbor-
hoods within a 1,000 meter radius of a site opening by estimating equation 8. First,
in reference to the overall ATT summary, which displays the aggregated effect on all
treatment groups, we find no significant effect, with the confidence intervals nearly
symmetrically overlapping zero. Keeping in mind that the pre-treatment mean in the
callouts per 1000 is 0.42, the relative magnitude of the estimated effect can be consid-
ered as relatively small and close to zero. It is also important to note that, although
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some point estimates are close to zero, the confidence intervals in several cases are rel-
atively wide, particularly for the overall ATT, meaning we cannot rule out moderately
sized effects, including those that approach half the magnitude of the pre-treatment
mean.

Table 4.6: Aggregated ATT and Group Effects: Callouts Per 1000

Group ATT SE 95% CI Pre-Mean

Overall ATT
-0.0188 0.11 [-0.2344, 0.1968] –

Group Effects
Group 1 -0.2048 0.0864 [-0.3859, -0.0237]* 0.689
Group 2 0.2913 0.2187 [-0.1672, 0.7497] 0.286
Group 3 -0.0483 0.0119 [-0.0732, -0.0235]* 0.356
Group 4 0.3142 0.3094 [-0.3343, 0.9627] 0.289

Pre-Treatment Mean (Sample) = 0.42, SD = 1.01, N = 2240; Group Avg = 0.405

Note: Significance levels are indicated by confidence intervals or bands not covering 0
(*).

For group specific effects, we find either insignificant effects or very moderate
magnitude significant effects which show marginal declines in overdose callouts.80

81 In reference to Figure 4.19, and our short discussion on the variation in group sizes,
we think it is reasonable to place more emphasis on group 1 relative to other treat-
ment groups, this group includes 11 neighborhoods making it the largest treatment
group, with at least double the number of units as other groups. The smaller number
of neighborhoods in later groups (each with only 1 to 3 sites) means that these groups
are more susceptible to variability, which is reflected in group 2 and group 4 relatively
big standard errors. Another consideration is that group 1 is completely isolated from
anticipation effects and outlines the treatment’s initial impact, as there were no sites
in Toronto prior to quarter 4 or 2017.

With this in mind, Group 1 and Group 3 show statistically significant effects as
their confidence intervals do not include zero. However, the effects are small in mag-
nitude or only marginally significant, suggesting only minimal changes in callouts.
Meanwhile, Group 2 and Group 4 show no significant effects, with confidence inter-
vals that include zero, indicating no clear impact for these groups. The event study in
the Appendix provides additional context, showing some initial declines in callouts;
however, the long-term trends return to null effects, suggesting that the declines for
these groups were likely short lived.

Figure 4.21 presents the results from table 4.6 as an event study plot. Here, we
check the pre-treatment period observations for evidence of parallel trend violations,

80Significant effects can be seen as marginally significant as they are only significant at the 10% level.
81Our inference accounts for serial correlation within neighborhoods over time by clustering standard

errors at the neighborhood level. This approach allows for arbitrary within-neighborhood correlation
across periods (e.g., if overdose callouts are serially correlated).
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Figure 4.21: Overdose Callouts near SCS - Callouts per 1000

Group 1 Group 2

Group 3 Group 4

Figure 4.21 The figures above illustrate the event study results, presenting the
estimated average treatment effects (ATEs) for overdose callouts near supervised
consumption sites (SCS) in Toronto, measured in callouts per 1,000 people. Each

panel corresponds to a specific group categorized based on the timing of SCS
openings, capturing variations in treatment effects across different implementation

periods.
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or places where the trends of treatment groups significantly diverge from zero. In all
cases, for groups 1,2, & 4, there are no instances of significant pre-trends. Two periods
associated with group 3, Q3 of 2016 and Q4 of 2017, have confidence intervals which
do not overlap with zero, which could indicate parallel trend violations specific to this
group. Group 3, the smallest group, is solely made up of one neighborhood. Since this
group’s effects rely on one unit, we should consider that the DID is highly susceptible
to unit specific variations therefore, these divergences may reflect neighborhood-level
and highly localised trends rather than systematic treatment effects.

Figure 4.21 helps address concerns about parallel trends while showing that SCS
had little to no effect on emergency overdose callouts. For Group 1, the Figure 4.21
suggests that the opening of SCS might have slightly reduced overdose callouts for
about three quarters, after which trends returned to baseline levels. As noted earlier,
the confidence intervals for Group 1, which has the most statistical power, suggest
that large positive effects are unlikely. Groups 2 and 4 show similar post-treatment
patterns over time, with many confidence intervals centered around zero and some
leaning toward small positive trends in overdose callouts.

In summary, while considering both regression summary output and event study
plots we observe that SCS rollout in Toronto had no discernible impact on Emergency
SCS overdose callouts in nearby neighborhoods.

4.6.2 Crime and Mental Health

In this section, we outline our results on crime and mental health. For crime, we study
the effect of SCS openings on reported incidents of assault and breaking and enter-
ing. As discussed previously, a common worry surrounding the opening of SCS is the
idea that in attracting PWUD, crime rates around the sites might increase. We also
examine the potential impact of supervised consumption sites (SCS) on mental health
apprehensions (MHA), or instances where police intervene in severe mental health
incidents. A common concern is that the presence of SCS might lead to an increase
in severe mental health incidents, particularly involving individuals with severe sub-
stance use disorders, in areas surrounding SCS. We begin by outlining the descriptive
trends based on outcome averages for crime and mental health and then proceed to
presenting our estimates.

Descriptive Analysis. We again refer to table 4.5 for descriptive pre- and post- treat-
ment averages. For crime outcomes, assault callouts and incidents of breaking and en-
tering, we can see that average number of incidents of both forms of crime were trend-
ing upwards in from Q2 2016 to Q4 2020. Treated neighborhoods witness steeper slop-
ing trends in crime compared to control neighborhoods. Interestingly, when focusing
on control neighborhoods with in the 90th percentile of assault callouts, pre-and post
treatment averages surpass that of the control units with 3.45 in the pre-treatment pe-
riod and 3.74 in the post treatment period. For mental health apprehensions, which
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are incidents of severe medical distress requiring police seizure, the trends in both
treated and control areas were similar, with both experiencing an increase at com-
parable rates. We note that these trends are different in their levels, where averages
associated with the treated areas are notably higher in both periods. We proceed to
present the estimated effects below.

Assault Callouts. Beginning with table 4.7 which summarises the estimated effect
on assault callouts per 1,000 residents, the aggregated ATT estimate for all groups is
not statistically significant. This suggests that the introduction of SCS in Toronto did
not lead to any significant increase or decrease in reported incidents of assault in the
short run. In terms of magnitude, the estimated effect size is small compared to the
pre-treatment mean of 1.9.

Table 4.7 Aggregated ATT and Group Effects: Assault Callouts Per 1000

Group ATT SE 95% CI Pre-Mean

Overall ATT
0.0471 0.1967 [-0.3385, 0.4327] –

Group Effects
Group 1 -0.0640 0.2652 [-0.6225, 0.4945] 4.000
Group 2 0.1478 0.6435 [-1.2076, 1.5033] 2.610
Group 3 0.2366 0.2419 [-0.2729, 0.7462] 2.140
Group 4 0.2644 0.2707 [-0.3058, 0.8346] 1.960

Pre-Treatment Mean (Sample) = 1.905, SD = 1.4, N = 1906

Note: Significance levels are indicated by confidence bands not cov-
ering 0.
Estimation Method: Doubly Robust; * Denotes significance at the
10% level, ** at the 5% level, and *** at the 1% level.

For group specific effects, Group 1, the largest treatment cohort in the analysis
also displays null and statistically insignificant effects. The smaller groups also have
insignificant estimated effects, with positive coefficients. The standard error for the
aggregated and group-specific results reflects some level variability, indicating that
while large impacts can be ruled out, smaller effects could exist within the bounds of
the estimates. While the point estimates suggest no systematic effect of SCS on as-
sault callouts, we acknowledge that the wide confidence intervals in Table 4.7 mean
we cannot rule out moderate-sized effects in either direction. Nevertheless, the con-
sistency of null effects across multiple specifications supports the interpretation that
any undetected effects are unlikely to be substantively large.

The event study results for assault callouts displayed in Appendix A Figure 4.18
show no evidence of pre-trends leading up to the treatment, with the exception of
group 3. For other groups, the plotted residuals also show no discernible shift, either
significant or insignificant, over time. The stability in estimates further supports the
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conclusion that there is no strong causal link between the introduction of SCS and
variations in assault callouts.

Breaking and Entering. To discuss results on the effect of SCS on reports of incidents
of breaking and entering we refer to table 4.8. Here, the aggregate results are signifi-
cant at the 10% level. While these results indeed suggest that the introduction of SCS
in Toronto could have led to an increase in incidents, the overall effect size is consid-
erable compared to the pre-treatment mean of 0.79.82 These increases are consistent
across groups, but particularly in groups 1 and 3. Unlike the previous outcomes we
examined, point estimates for all groups are consistently positive.

Table 4.8 Aggregated ATT and Group Effects: Breaking and Entering Per 1000

Group ATT SE 95% CI Pre-Mean

Overall ATT
0.309 0.1015 [0.1102, 0.5079]* –

Group Effects
Group 1 0.3957 0.1684 [0.0265, 0.7649]* 1.260
Group 2 0.1767 0.1236 [-0.0941, 0.4475] 0.804
Group 3 0.3285 0.0285 [0.2660, 0.3909]* 0.900
Group 4 0.0819 0.1756 [-0.3030, 0.4668] 1.080

Pre-Treatment Mean (Sample)= 0.7917, SD = 0.6545, N = 2240; Group Avg = 0.8445

Note: Significance levels are indicated by confidence bands not covering 0.
Estimation Method: Doubly Robust; * Denotes significance at the 10% level, ** at the 5%
level, and *** at the 1% level.

While these increases are statistically significant at the 10% level, the magnitude of
the effect is considerable, with the observed rise in breaking and entering reports asso-
ciated with SCS representing a meaningful proportion of pre-treatment levels. Further
research is needed to investigate potential mediating factors or external influences, in-
cluding changes in local policing strategies or shifts in community dynamics, that may
have contributed to these results.

The event study plots depicted in Appendix Figure C.4 are in line with these find-
ings. Overall, there are no significant signs of pre-trends in either plot. For most
groups, including Groups 1, 2, and 4, the earlier post-treatment periods show no ef-
fect, while the trend in breaking and entering increases in the later periods. Interest-
ingly, while the event study plot for Group 1 suggests a rise in incidents of breaking
and entering in the later periods, none of the individual period-specific estimates are
significant. This is not the case for Group 2, where the last observed period shows a
significant increase in breaking and entering, and Group 4 reflects a similar trend. The
discrepancy between the largely insignificant period-specific estimates in the event
study and the significant aggregate results arises because the aggregate estimates cap-

82The standardized effect size of the estimate, given by dividing the ATT by the pre-treatment standard
deviation correspond to 0.47 of a standard deviation.
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ture the average effect over the entire post-treatment period, while the event study
examines effects at specific time points. Period-specific estimates may lack sufficient
power to detect significance when effects emerge gradually or are dispersed over a
longer horizon. Overall, the main effects of SCS on incidents of breaking and enter-
ing appear to manifest in the medium to long term. Given our quarterly data, this
suggests that neighborhoods near SCS may experience an increase in breaking and
entering incidents over time following their opening.

Mental Health Apprehensions. Here, we introduce the potential impact of super-
vised consumption sites (SCS) on mental health apprehensions (MHA). In reference
to our estimated effects displayed in Table 4.9, we find null effects in aggregate and
with the exception of group 3, no significant effects of SCS opening on the prevalence
of MHA callouts. For aggregate effects, the magnitude of the estimate, when com-
pared to the pre-treatment mean is small. Apart from group 3, all of the group specific
coefficients are insignificant with positive point estimates. Group 3 is the only group
with significant negative effects. As discussed previously, these results should be in-
terpreted with caution, as this group contains only one treated unit, making it the
smallest group in the analysis. With such a limited sample size, the ability to detect
true effects and avoid false positives is lower compared to other groups, which include
at least three and up to twelve treated units. Consequently, the findings for Group 3
are more susceptible to random variation.

Turning to our the event study plot displayed in Figure 4.22 and with a particular
focus on the pre-treatment period trends for each group, we find some evidence of
pre-trends for group 3, which aligns with our suggestion to interpret the significant
findings for this group with caution. For all other groups, there is no evidence of
pre-trends. When taken as a whole these results do not suggest that opening SCS in
Toronto led to significant increases or decreases in incidents of severe mental health
apprehensions. We can argue that SCS had a null effect on the prevalence of MHA.

4.7 Robustness Checks

4.7.1 Changing SCS “Catchment” Distances

As outlined in section 4.4.3, our primary specification assigns treatment status to
neighborhoods based on if the geographic centroid falls within a 1,000 meter radius
of a SCS. A potential concern with this approach is that the 1,000 meter distance could
been seen as arbitrary.83 For instance, if significant changes to our findings are ob-
served when changing the radius distance, it could indicate that the treatment effect
is highly sensitive to the definition of the boundary itself. To address this concern,
in section C.4 we estimate our model using various SCS catchment radiuses. Using
a smaller radius, such as 500 meters, result in fewer treated units, adding noise to

83See (Hyshka et al., 2016) for evidence on PWUD willingness to travel to SCS.
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Figure 4.22: Mental Health Apprehensions Near SCS in Toronto - Calls per 1000 People

Group 1 Group 2

Group 3 Group 4

Note: This figure illustrates the estimated effects of supervised consumption site (SCS) openings on
mental health apprehensions, measured as calls per 1,000 people. Each panel corresponds to a specific
treatment group, reflecting staggered exposure to SCS over time. The data is sourced from Toronto
Police records and highlights trends in mental health-related incidents in neighborhoods near SCS.
Confidence intervals provide insight into the statistical significance of observed changes, allowing for
an assessment of how SCS implementation may have influenced mental health emergencies in the
surrounding areas.
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Table 4.9 Aggregated ATT and Group Effects: Mental Health Apprehensions Per
1000

Group ATT SE 95% CI Pre-Mean

Overall ATT
0.1334 0.1019 [-0.0662, 0.3331] –

Group Effects
Group 1 0.2062 0.1467 [-0.0812, 0.4937] 1.420
Group 2 0.2079 0.2025 [-0.1890, 0.6048] 0.935
Group 3 -0.2324 0.0902 [-0.4091, -0.0557]* 0.891
Group 4 0.0118 0.1190 [-0.2214, 0.2450] 1.060

Pre-Treatment Mean(Sample) = 0.95, SD = 0.519, N = 2375; Group Avg = 1.077

Note: Significance levels are indicated by confidence bands not covering 0.
Control Group: Not Yet Treated, Anticipation Periods: 0
Estimation Method: Doubly Robust; * Denotes significance at the 10% level, ** at the 5%
level, and *** at the 1% level.

our estimates, and lead to wider confidence intervals. The reverse is true when us-
ing a larger radius. However, we do not find different results using these different
measures, which indicates that our findings are robust regardless of the radius used.

4.7.2 Using Neighborhood Boundaries Instead of Centroids

A critical aspect of our primary specification is that we define treatment status based
on SCS proximity to a neighborhood’s geographic centroid. In other words, in order
to be considered treated, the SCS radius must encapsulate the neighborhoods cen-
troid. While this approach offers simplicity and consistency, it may not fully capture
neighborhood access to a site. For instance, larger neighborhoods with centroids just
outside the defined treatment radius might have significant portions of their area ex-
posed to an SCS, which may downplay the true effect of SCS. To address this concern,
we conduct a robustness check by redefining treatment status based on whether any
part of the neighborhood boundary falls within the specified catchment area, rather
than solely relying on the centroid location. This approach accounts for partial expo-
sure and provides a more nuanced assessment of how SCS impacts neighborhoods
with varying levels of proximity. In C.6 we show that this approach has little impact
on our main results focused on overdose callouts. In reference to table C.5, the overall
effect remains insignificant. Similarly, there is no evidence of pre-trends, with most
post-treatment period point estimates being insignificant.84

4.7.3 Dropping Neighborhood Observations Which are Treated Twice

The treatment assignment method we used assigns neighborhoods to a group based
on their first exposure to an SCS. This necessitates that once a neighborhood is classi-

84See Figure C.8.
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fied as treated, its status remains unchanged, even if a new SCS opens closer to it at
a later time. This raises a potential concern that neighborhoods experiencing subse-
quent exposures to additional SCS could introduce bias or complicate the interpreta-
tion of treatment effects, particularly if these later exposures exerts a stronger effect,
for example if sites suffer from congestion, users may take advantage of having access
to multiple sites. To address these concerns, we ran the analysis with a subset of the
data that excludes observations that could be considered as “treated twice” (i.e. when
a subsequent SCS opened after initial treatment nearby a given neighborhood). This
approach allows us to focus solely on the impact of the initial SCS exposure and asses
whether follow-up exposures could bias or alter our main findings. As shown in C.4
this approach has no bearing on our overall findings.

4.7.4 Placebo Treatment

We conduct a placebo exercise as shown in Section C.4, where we run the analysis us-
ing an artificial dataset that excludes all treated units and randomly assigns treatment
to a subset of control neighborhoods that were not exposed to SCS. In constructing the
placebo dataset, we maintain the same number of treatment groups, the same group
sizes, and assign treatment at the same relative time periods as in the original analysis.
This ensures that the placebo structure mimics the temporal and group dimensions of
the actual data. However, we do not constrain the placebo assignments to replicate the
geographic clustering observed in the real treatment rollout. This design choice allows
us to examine whether features of the research design itself—such as the small num-
ber of units per group, staggered treatment timing, or the structure of the estimator
could produce spurious effects even when no true treatment has occurred. By apply-
ing the same model specification to this placebo dataset, we observe that the estimated
effects are consistently null across groups. This outcome reinforces the robustness of
our findings, suggesting that the treatment effects identified in the primary analysis
are unlikely to be driven by random variation, mechanical features of the model, or
the specific grouping structure of the data.

4.7.5 Alternative Estimator: Sun and Abraham (2020)

When analyzing staggered rollout treatment effects, there are a number of potential es-
timators to choose from. The estimator proposed in Callaway and Sant’Anna (2021),
that we use in our primary specification is appropriate for assessing heterogenous
treatment effects over time and across groups. This is particularly useful for our set-
ting, where the disaggregated group and time estimates allow us to capture heteroge-
nous effects by group. For instance, our Group 1 estimates help us isolate the impact
of the initial opening of sites in Toronto. Testing the results using an alternative es-
timator like the one proposed in Sun and Abraham (2021) can provide insights into
how robust our findings are to differences in methodological assumptions. The Sun
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and Abraham (2021) estimator offers similar robustness properties to the estimator
proposed in Callaway and Sant’Anna (2021), especially in addressing potential bias
from using already treated units as comparisons inherent in TWFE. However, the esti-
mator defaults to presenting aggregate effects, which can be helpful in understanding
the overall impact across all treated cohorts in a single event study plot but it is less
informative on group-specific effects than CS.85

In our analysis, we applied the Sun and Abraham (2021) estimator to test the ro-
bustness of our primary findings. The results confirmed that the null effects observed
in our primary findings on overdose callouts are consistent with the estimated effects
found by using the Sun and Abraham (2021) estimator. See Figure C.13 in C.4 for the
event study plot and event study.

As a final robustness check, we also provide results that include all available pre-
treatment periods in Figure C.14. This check is included to alleviate concerns related
to selection bias.

4.8 Discussion

The results presented in section 4.6 provides robust evidence that the opening of SCS
in Toronto was not associated with large changes in the frequency of emergency over-
dose response callouts, 86, increases or decreases in the frequency of assaults, or police
administered mental health apprehensions. We do find some evidence to show that
incidents of breaking and entering tend to trend increase in neighborhoods within
a 1,000 meter radius of a SCS. These findings prompt a deeper exploration into the
mechanisms behind the observed null effects and potential factors driving the increase
in property crime, as well as implications for public health and community safety.

Our primary null findings on overdose callouts touch on two important intended
effects of SCS. Overdose callouts serve as a downstream measure of the severity of
opioid-related harm, in capturing instances that require emergency response (Li et al.,
2019), and simultaneously act as a proxy for emergency service demand. A consid-
erable incentive for the opening of SCS is the potential to prevent the prevalence of
overdoses. Thus, the argument of the moral hazard comes into play. This argument
proposes that, PWUD, in seeking to to maximize their utility from opioid consump-
tion, may choose to engage in riskier or more frequent drug use due to the lower per-
ceived costs associated with the safety net that SCS provide. If the moral hazard idea
sufficiently explained how PWUD might respond to the opening of sites, we would
generally expect to observe a corresponding rise in emergency callouts due to the need
for external medical interventions. The absence of such an increase suggests that any

85See (Callaway and Sant’Anna, 2021) for details on the advantages of this method over other similar
methods.

86While we cannot rule out modest or localized effects due to the variability in our data, the consistency
of null results across specifications suggests that any undetected impacts are likely limited in magnitude
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potential moral hazard effect may be limited or effectively managed within the SCS
environment.

This begs the question, why do we not see an increase in overdose callouts? One
potential explanation is that PWUD might be indifferent to any perceived reduction in
risk associated with SCS. In other words, the model may fundamentally overlook the
reality that for many, opioid use is not driven by a calculated response to changes in
perceived risk but by an overwhelming need that supersedes considerations of safety
or consequence.87 This story is reflected in the wider literature which associates sub-
stance use and addiction with risky behavior on both a mental and physiological level
(Crews and Boettiger, 2009; Rømer Thomsen et al., 2018). Still, while SCS may not
have driven a rise in riskier drug use, they also had no discernible impact on reducing
overdose callouts in surrounding areas. These findings underscore the importance
of viewing SCS as one component of a broader public health strategy. To achieve a
more substantial reduction in opioid-related harm at the community level, SCS must
be integrated with comprehensive measures that address the underlying social, psy-
chological, and economic factors contributing to addiction.

Our results on crime, which show that SCS have no significant effect on assault
callouts and show significant, medium run, impacts on breaking and entering, outline
potential negative spillovers which have been associated with SCS. It is important
to recognize that PWUD are linked to two distinct types of crimes, those associated
with aggressive or violent behaviors and those driven by financial needs or economic
desperation (Bondurant, Lindo, and Swensen, 2018). Given these distinct motivations,
it is reasonable to expect that SCS might influence these types of crimes differently.

However, when considering the results on breaking and entering, we acknowledge
that in the medium-term, concerns about increasing crime rates near SCS are valid, as
the communities surrounding sites in Toronto were subject to a rising trend in op-
portunistic breaking and entering crimes. Still, it is important to contextualize these
findings within the broader understanding of crime patterns and spatial dynamic. Re-
search has shown that crime tends to cluster in small, specific areas, attempts to dis-
place crime often face limitations (Wang, Liu, and Eck, 2014) and that hotspot policing
strategies are effective in reducing net crime (Mohler et al., 2015; Ratcliffe et al., 2011)
even in areas outside of these hotspots (Weisburd et al., 2006). Therefore it is rea-
sonable to suggest that in concentrating crime near SCS, the frequency of arrests or
reported incidents may rise, driven by more effective policing in these focused areas.
This increase may be a matter of statistics, where these crimes might still have taken
place in the counterfactual situation, but they would have occurred elsewhere, with
less effective police enforcement. In a sense, this could mean that while SCS might
contribute to a localised increase in crime visibility and concentration the aggregate
impact on overall crime levels may be minimal.

87See Connors (1992) for an ethnographic study on the risk of HIV and the decision to share needles.
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A potential limitation of this study is the focus on medium-term trends without
capturing longer-term outcomes. While we observe a moderate rise in localised break-
ing and entering incidents near SCS, it remains unclear how these trends might evolve
over an extended period. Literature on hotspot policing suggests that effective, tar-
geted enforcement can lead to long-term reductions in crime (Nagin, 2013). Therefore,
without long-term data, we cannot fully determine whether the observed increase
represents a temporary spike due to heightened concentration and policing or if it
will translate into sustained or reduced crime rates over time. Future research should
explore these long-term trends to better understand the enduring impact of SCS on
localised and citywide crime patterns.

Finally, concerning our null results on the impact of SCS on police-administered
mental health apprehensions, these findings suggest that SCS alone may not be suf-
ficient to influence broader mental health-related incidents in their surrounding ar-
eas. While SCS provides crucial support for PWUD by mitigating immediate health
risks, their role in addressing the complex mental health needs of the community may
be limited. highlights the importance of integrating SCS with comprehensive mental
health services and community resources to better support individuals facing mental
health crises and enhance overall community well-being.

One key limitation is that the data is constrained in terms of other important out-
comes, particularly those relating to community health such as non-emergency over-
dose incidents or public health changes not captured by callout statistics. Additionally,
due to the granularity of the data and the difficulty in identifying unit level covariates,
it might be difficult to isolate the specific impact of SCS from other simultaneous social
and policy changes within the community (i.e., economic shifts or grassroots commu-
nity level overdose prevention sites). While our study gives a good indication of the
effects of SCS in the short and medium term trends, we are unable to evaluate the
potential long-term impacts of SCS on both health related outcomes or community
spillovers.

Additionally, this study is limited by the inability to effectively quantify the un-
derlying mechanisms driving the observed outcomes. While we can identify changes
in overdose callouts and crime rates, pinpointing the precise behavioral or social pro-
cesses responsible for these trends remains challenging. This limitation means that,
although we observe the end effects, such as the lack of significant changes in over-
dose callouts or the moderate rise in breaking and entering, understanding the mecha-
nisms—such as changes in user behavior, economic conditions, or community interac-
tions—requires further investigation. This gap highlights the need for more in depth
research that can delve deeper into the pathways through which SCS influence public
health and community dynamics.
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4.9 Conclusion

This paper provides the first comprehensive analyses using causal inference tech-
niques to evaluate the impact of supervised consumption sites (SCS) on opioid-related
emergency callouts, crime, and mental health crises in Toronto. Using a spatial varia-
tion of the Callaway and Sant’Anna (2021) DID estimator we leverage neighborhood-
level Toronto Police Open Data to analyse the staggered rollout of 10 Health Canada-
approved SCS between 2017 and 2021. We find no significant changes in emergency
overdose callouts, incidents of assault, or mental health apprehensions.

However, our analysis points to an increase in opportunistic break-ins near SCS.
These findings challenge the moral hazard concern, suggesting that PWUD may not
engage in significantly riskier behavior due to perceived safety nets provided by SCS.
Instead, it aligns with literature emphasizing the complex, often non-rational drivers
behind substance use. The observed increase in localised property crime near SCS
highlights potential community-level trade-offs that merit further investigation. Crime
clustering and heightened policing efforts near SCS may contribute to increased vis-
ibility of such incidents, suggesting that while the sites themselves do not directly
exacerbate citywide crime, their localised impacts may be more pronounced. This
underscores the importance of contextualizing SCS as part of a broader public health
approach that includes targeted crime prevention and support services to mitigate any
potential negative spillovers.

Our findings speak to the complexity of harm reduction approaches, and show that
while SCS may not lead to significant and large negative spillovers as feared by crit-
ics, their ability to significantly reduce emergency service burdens or improve mental
health outcomes is limited.

Chapter 5

Thesis Conclusion
This thesis examines how public policy decisions in the areas of fiscal policy, ed-

ucation, and health have affected a wide range of economic, social, and public health
outcomes. By analyzing austerity measures, school discipline reforms, and harm re-
duction initiatives, the findings shed light on how such interventions reshape individ-
ual behaviors, familial dynamics, and community-level outcomes. While these poli-
cies often target specific goals, their broader consequences reveal important lessons
about the interplay between policy design and social structures, offering insights for
crafting more effective and equitable approaches.
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The analysis of UK austerity policies illustrate how fiscal reforms can produce un-
intended consequences for households. These measures restructured labor market
participation and income dynamics within families, which potentially disproportion-
ately burdening mothers while sparing fathers from comparable financial pressures.
Beyond economic effects, austerity reshaped relational and household dynamics, in-
fluencing divorce rates, new relationships, and parental engagement with children.
These findings underscore the far-reaching ripple effects of fiscal tightening, empha-
sizing the need for gender-sensitive policy frameworks that balance economic imper-
atives with family well-being.

The studies on educational reform demonstrate how thoughtfully designed poli-
cies can lead to meaningful improvements in disciplinary outcomes while also reveal-
ing the challenges of balancing social and academic objectives. The Oklahoma City
School District’s reforms successfully shifted disciplinary practices away from exclu-
sionary measures, resulting in a 38% reduction in suspensions and a notable decrease
in adolescent arrests. These outcomes highlight the potential of inclusive approaches,
such as Positive Behavioral Interventions and Supports (PBIS), to foster safer, more
supportive school environments. However, the reforms resulted in subject-specific
academic impacts, with mixed results on reading performance and some identified
gains in structured subjects like math and science. These findings highlight the com-
plexity of educational interventions, emphasizing the need to carefully consider and
address potential trade-offs to maximize the benefits of reforms across all subjects and
student groups.

The evaluation of supervised consumption sites (SCS) in Toronto addresses the
ongoing debate surrounding harm reduction strategies and their effectiveness in ad-
dressing the opioid crisis. While SCS were designed to reduce overdose-related call-
outs and enhance public safety, the study found no statistically significant changes in
emergency services use or most crimes; however, there is some evidence of increased
break-ins in neighborhoods near SCS locations. Additionally, the presence of SCS did
not seem to exacerbate mental health crises, suggesting that they do not impose addi-
tional strain on community resources. These findings raise important questions about
the role of SCS in harm reduction efforts, suggesting that while they do not signifi-
cantly impact most aspects of public safety, their association with increased break-ins
highlights potential negative consequences that require attention, and their capacity
to alleviate broader systemic burdens may be limited.

Together, these studies demonstrate the importance of applying evidence-based
approaches to policymaking, with this thesis making several key contributions. First,
it quantifies the effects of benefit reduction programs on household dynamics, high-
lighting the far-reaching consequences of austerity measures on labor markets, gen-
dered income disparities, and family relationships. Second, it examines the effects of
school discipline reforms on juvenile arrests, providing new insights into how inclu-
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sive policies influence both academic outcomes and social behaviors. By integrating
computer science techniques such as K-means clustering and synthetic difference-in-
differences, this work also advances methodological approaches to policy evaluation.
Finally, it provides the first robust analysis of the impact of supervised consumption
sites on public safety and health outcomes, offering a nuanced perspective on harm
reduction strategies. Collectively, these contributions offer valuable guidance for pol-
icymakers seeking to address complex social and economic challenges through more
effective and equitable interventions.
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Browning, Martin and Pierre-André Chiappori (1998). “Efficient intra-household allo-
cations: A general characterization and empirical tests”. In: Econometrica, pp. 1241–
1278.

Brownstein, Henry H (2015). “Drugs and violent crime”. In: The Handbook of Drugs and
Society, pp. 369–386.

Callaway, Brantly and Pedro HC Sant’Anna (2021). “Difference-in-differences with
multiple time periods”. In: Journal of econometrics 225.2, pp. 200–230.

Canada, Government of (2016). Government of Canada announces new comprehensive
drug strategy supported by proposed legislative changes. Press Release. URL: https:
//www.canada.ca/en/health-canada/news/2016/12/government-

canada-announces-new-comprehensive-drug-strategy-supported-

proposed-legislative-changes.html.

Canada, Ottowa Public Health Agency of (2024a). Opioid- and Stimulant-related Harms
in Canada. Government Document. URL: https://health-infobase.canada.
ca/substance-related-harms/opioids-stimulants/.

Canada, Transport (2024b). Canaidan Motor Vehicle Traffic Collision Statistics: 2022. Ag-
gregated Database. URL: https://tc.canada.ca/en/road-transportation/
statistics-data/canadian-motor-vehicle-traffic-collision-

statistics-2022#.

Carlson, D, R Petts, and J Pepin (2021). “Changes in US Parents’ Domestic Labor Dur-
ing the Early Days of the COVID-19 Pandemic”. In: Sociological Inquiry.

Carneiro, Pedro Manuel, Italo Lopez Garcia, Kjell G. Salvanes, and Emma Tominey
(2015). “Intergenerational mobility and the timing of parental income”. In: NHH
Dept. of Economics Discussion Paper 23.

Carrell, Scott E and Mark Hoekstra (2014). “Are school counselors an effective educa-
tion input?” In: Economics Letters 125.1, pp. 66–69.

125

https://www.canada.ca/en/health-canada/news/2016/12/government-canada-announces-new-comprehensive-drug-strategy-supported-proposed-legislative-changes.html
https://www.canada.ca/en/health-canada/news/2016/12/government-canada-announces-new-comprehensive-drug-strategy-supported-proposed-legislative-changes.html
https://www.canada.ca/en/health-canada/news/2016/12/government-canada-announces-new-comprehensive-drug-strategy-supported-proposed-legislative-changes.html
https://www.canada.ca/en/health-canada/news/2016/12/government-canada-announces-new-comprehensive-drug-strategy-supported-proposed-legislative-changes.html
https://health-infobase.canada.ca/substance-related-harms/opioids-stimulants/
https://health-infobase.canada.ca/substance-related-harms/opioids-stimulants/
https://tc.canada.ca/en/road-transportation/statistics-data/canadian-motor-vehicle-traffic-collision-statistics-2022#
https://tc.canada.ca/en/road-transportation/statistics-data/canadian-motor-vehicle-traffic-collision-statistics-2022#
https://tc.canada.ca/en/road-transportation/statistics-data/canadian-motor-vehicle-traffic-collision-statistics-2022#


Carrell, Scott E and Mark L Hoekstra (2010). “Externalities in the classroom: How chil-
dren exposed to domestic violence affect everyone’s kids”. In: American Economic
Journal: Applied Economics 2.1, pp. 211–228.

Cassie, Rachel, Kanna Hayashi, Kora DeBeck, M-J Milloy, Zishan Cui, Carol Strike,
Jeff West, and Mary Clare Kennedy (2022). “Difficulty accessing supervised con-
sumption services during the COVID-19 pandemic among people who use drugs
in Vancouver, Canada”. In: Harm reduction journal 19.1, p. 126.

Cawley, John and Davide Dragone (2023). Harm reduction: When does it improve health,
and when does it backfire? Report. National Bureau of Economic Research.

Chen, Jiafeng and Jonathan Roth (2024). “Logs with zeros? Some problems and solu-
tions”. In: The Quarterly Journal of Economics 139.2, pp. 891–936.

Chen, Natalie, Paola Conconi, and Carlo Perroni (2007). “Women’s Earning Power and
the Double Burden of Market and Household Work”. In: 20.

Chen, Xiao, Bihong Huang, and Dezhu Ye (2020). “Gender gap in peer-to-peer lending:
Evidence from China”. In: Journal of Banking Finance 112, p. 105633.

Choe, Chung and Seunghee Yu (2022). “The effect of child abuse and neglect on tra-
jectories of depressive symptoms and aggression in Korean adolescents: explor-
ing gender differences”. In: International journal of environmental research and public
health 19.10, p. 6160.

Clarke, Damian, Daniel Pailanir, Susan Athey, and Guido Imbens (2023). “Synthetic
difference in differences estimation”. In: arXiv preprint arXiv:2301.11859.

Clarke, Damian and Kathya Tapia-Schythe (2021). “Implementing the panel event
study”. In: The Stata Journal 21.4, pp. 853–884.

Colledge-Frisby, Samantha, Kasun Rathnayake, Suzanne Nielsen, Mark Stoove, Lisa
Maher, Paul A Agius, Peter Higgs, and Paul Dietze (2023). “Injection drug use
frequency before and after take-home naloxone training”. In: JAMA network open
6.8, e2327319–e2327319.

Connors, Margaret M (1992). “Risk perception, risk taking and risk management among
intravenous drug users: Implications for AIDS prevention”. In: Social Science Medicine
34.6, pp. 591–601.

Craig, Ashley C and David Martin (2023). Discipline reform, school culture, and student
achievement. Report 15906. IZA Discussion Papers.

Crandall-Hollick, Margot L. (2018). “The earned income tax credit (EITC): A brief leg-
islative history”. In: Congressional Research Service Report 44825, p. 2018.

126



Crews, Fulton Timm and Charlotte Ann Boettiger (2009). “Impulsivity, frontal lobes
and risk for addiction”. In: Pharmacology Biochemistry and Behavior 93.3, pp. 237–
247.

Cunha, Flavio and James Heckman (2007). “The technology of skill formation”. In:
American economic review 97.2, pp. 31–47.

Cunha, Flavio and James J. Heckman (2008). “Formulating, identifying and estimating
the technology of cognitive and noncognitive skill formation”. In: Journal of human
resources 43.4, pp. 738–782.

De Brey, Cristobal, Lauren Musu, Joel McFarland, Sidney Wilkinson-Flicker, Melissa
Diliberti, Anlan Zhang, Claire Branstetter, and Xiaolei Wang (2019). “Status and
Trends in the Education of Racial and Ethnic Groups 2018. NCES 2019-038”. In:
National Center for Education Statistics.

De Chaisemartin, Clément and Xavier D’Haultfoeuille (2022). Two-way fixed effects and
differences-in-differences with heterogeneous treatment effects: A survey. Report. Na-
tional Bureau of Economic Research.

Deiana, Claudio and Ludovica Giua (2021). “The intended and unintended effects of
opioid policies on prescription opioids and crime”. In: The BE Journal of Economic
Analysis Policy 21.2, pp. 751–792.

Dench, Daniel, Mayra Pineda-Torres, and Caitlin Knowles Myers (2023). “The effects
of the Dobbs decision on fertility”. In: 16608.

Diedrick, Patricia (1991). “Gender differences in divorce adjustment”. In: Journal of
Divorce Remarriage 14.3-4, pp. 33–46.

Dieterle, Steven, Cassandra M Guarino, Mark D Reckase, and Jeffrey M Wooldridge
(2015). “How do principals assign students to teachers? Finding evidence in ad-
ministrative data and the implications for value added”. In: Journal of Policy Anal-
ysis and Management 34.1, pp. 32–58.

Doepke, Matthias, Giuseppe Sorrenti, and Fabrizio Zilibotti (2019). “The economics of
parenting”. In: Annual Review of Economics 11, pp. 55–84.

Doepke, Matthias and Fabrizio Zilibotti (2017). “Parenting with style: Altruism and
paternalism in intergenerational preference transmission”. In: Econometrica 85.5,
pp. 1331–1371.

DoJ, US (2011). “About the Uniform Crime Reporting (UCR) Program”. In: URL: https:
//ucr.fbi.gov/crime-in-the-u.s/2010/crime-in-the-u.s.-

2010/aboutucrmain.pdf.

127

https://ucr.fbi.gov/crime-in-the-u.s/2010/crime-in-the-u.s.-2010/aboutucrmain.pdf
https://ucr.fbi.gov/crime-in-the-u.s/2010/crime-in-the-u.s.-2010/aboutucrmain.pdf
https://ucr.fbi.gov/crime-in-the-u.s/2010/crime-in-the-u.s.-2010/aboutucrmain.pdf


Doleac, Jennifer L and Anita Mukherjee (2018). “The moral hazard of lifesaving inno-
vations: naloxone access, opioid abuse, and crime”. In.

— (2022). “The effects of naloxone access laws on opioid abuse, mortality, and crime”.
In: The Journal of Law and Economics 65.2, pp. 211–238.

Dong, Xinwei (2022). “Intrahousehold property ownership, women’s bargaining power,
and family structure”. In: Labour Economics 78, p. 102239.

Dossi, Gaia, David Figlio, Paola Giuliano, and Paola Sapienza (2021). “Born in the
family: Preferences for boys and the gender gap in math”. In: Journal of Economic
Behavior Organization 183, pp. 175–188.

Eissa, Nada and Hilary W Hoynes (2006). “Behavioral responses to taxes: Lessons
from the EITC and labor supply”. In: Tax policy and the economy 20, pp. 73–110.

Ellis, Rnady (2015). Mental health center files civil rights complaint against OKC school
district. Newspaper Article. URL: https://www.oklahoman.com/story/
news/columns/2015/11/28/mental-health-center-files-civil-

rights-complaint-against-okc-school-district/60707258007/.

Entwisle, Doris R, Karl L Alexander, and Linda S Olson (2007). “Early schooling: The
handicap of being poor and male”. In: Sociology of education 80.2, pp. 114–138.

Erfanian, Elham, Daniel Grossman, and Alan R Collins (2019a). “The impact of nalox-
one access laws on opioid overdose deaths in the US”. In: Review of Regional Studies
49.1, pp. 45–72.

— (2019b). “The impact of naloxone access laws on opioid overdose deaths in the
US”. In: Review of Regional Studies 49.1, pp. 45–72.

Evans, Elizabeth, Christine E Grella, Debra A Murphy, and Yih-Ing Hser (2010). “Us-
ing administrative data for longitudinal substance abuse research”. In: The journal
of behavioral health services & research 37, pp. 252–271.

Farabee, David, Angela Hawken, and Peter Griffith (2011). “Tracking and incentiviz-
ing substance abusers in longitudinal research: results of a survey of National In-
stitute on Drug Abuse-funded investigators”. In: Journal of addiction medicine 5.2,
pp. 87–91.

Farber, Henry S, Jesse Rothstein, and Robert G Valletta (2015). “The effect of extended
unemployment insurance benefits: Evidence from the 2012–2013 phase-out”. In:
American Economic Review 105.5, pp. 171–176.

Felder, Ben (Oct. 2017). Oklahoma changes test score rates, prepares for ‘shock to the sys-
tem’. Newspaper Article. URL: https://www.oklahoman.com/story/news/

128

https://www.oklahoman.com/story/news/columns/2015/11/28/mental-health-center-files-civil-rights-complaint-against-okc-school-district/60707258007/
https://www.oklahoman.com/story/news/columns/2015/11/28/mental-health-center-files-civil-rights-complaint-against-okc-school-district/60707258007/
https://www.oklahoman.com/story/news/columns/2015/11/28/mental-health-center-files-civil-rights-complaint-against-okc-school-district/60707258007/
https://www.oklahoman.com/story/news/education/2017/10/09/oklahoma-changes-test-score-rates-prepares-for-shock-to-the-system/60569794007/
https://www.oklahoman.com/story/news/education/2017/10/09/oklahoma-changes-test-score-rates-prepares-for-shock-to-the-system/60569794007/


education/2017/10/09/oklahoma- changes- test- score- rates-

prepares-for-shock-to-the-system/60569794007/.

Fetzer, Thiemo (2019). “Did austerity cause Brexit?” In: American Economic Review
109.11, pp. 3849–86.

Fischer, Benedikt (2023). “The continuous opioid death crisis in Canada: changing
characteristics and implications for path options forward”. In: The Lancet Regional
Health–Americas 19.

Fisher, Hayley and Anna Zhu (2019). “The effect of changing financial incentives on
repartnering”. In: The Economic Journal 129.623, pp. 2833–2866.

Florence, Curtis, Feijun Luo, and Ketra Rice (2021). “The economic burden of opioid
use disorder and fatal opioid overdose in the United States, 2017”. In: Drug and
alcohol dependence 218, p. 108350.

Franco, Sofia and Hans Koster (2024). Drug-related harm reduction and local communities:
Evidence from Dutch drug consumption rooms. Report. CEPR Discussion Papers.

Freeman, Karen, Craig GA Jones, Don J Weatherburn, Scott Rutter, Catherine J Spooner,
and Neil Donnelly (2005). “The impact of the Sydney medically supervised inject-
ing centre (MSIC) on crime”. In: Drug and Alcohol Review 24.2, pp. 173–184.

Freyaldenhoven, Simon, Christian Hansen, Jorge Pérez Pérez, and Jesse M. Shapiro
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A Appendix A

A.1 Summary Stats

Descriptive Statistics: Parents

Control (SD) Treatment (SD) Difference (p-value)

Demographics

Male 0.47 (0.499) 0.312 (0.463) -0.158 (0.000***)
Female 0.53 (0.499) 0.688 (0.463) 0.158 (0.000***)
White 0.727 (0.446) 0.657 (0.475) -0.07 (0.001***)
Black 0.0114 (0.103) 0.0166 (0.127) 0.0052 (0.424)
Asian ( 0.0341 (0.181) 0.0322 (0.176) -0.0019 (0.910)
Marital Status

Single 0.214 (0.411) 0.382 (0.486) 0.168 (0.000***)
Married 0.781 (0.414) 0.602 (0.49) -0.179 (0.000***)
Divorced 0.0373 (0.189) 0.139 (0.346) 0.1017 (0.000***)
Widow 0.00496 (0.071) 0.0137 (0.116) 0.00874 (0.072*)
Employment

Average Job Hours 33.4 (10.2) 27.4 (12.3) -6.0 (0.000***)
Paid Employment 0.766 (0.424) 0.37 (0.483) -0.396 (0.000***)
Unemployed 0.0548 (0.229) 0.328 (0.47) 0.2732 (0.000***)
Income

Median Total Monthly Income 1577.0 (500.0) 1297.0 (600.0) -280.0 (0.000***)
Median Monthly Labour Income 1250.0 (800.0) 0.0 (0.0) -1250.0 (0.000***)
Household

Household Hours 10.6 (4.2) 16.1 (5.5) 5.5 (0.000***)
Dinner with Family 3.33 (1.2) 3.44 (1.3) 0.11 (0.575)
GHQ

GHQ Score (Total) 10.9 (3.4) 13.3 (4.1) 2.4 (0.019**)

Significance levels: * p¡0.1, ** p¡0.05, *** p¡0.01

Notes: This table summarises descriptive statistics for individual-level variables
in the adult file of the UKHLS. The statistics are split into two groups: indi-
viduals exposed to cuts and the whole sample. All variables are expressed as
proportions or monetary values, and income is reported in GBP. GHQ Scores
include the sum of all GHQ categories, where a higher score indicates higher
levels of dissatisfaction and distress.
Data Source: UKHLS Understanding Society dataset.
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Descriptive Statistics: Youth File

Individual Level Variables Exposed to Cuts Whole Sample

Age 12.51 12.53
Gender
Male 0.49 0.49
Female 0.50 0.50
Outcomes
Dinner with Mother (p/w) 3.433 3.448
Dinner with Father (p/w) 3.293 3.274
SDQ Score (Total) 11.72 10.65

N Obs 8265 36 188

Notes: This table summarises descriptive statistics for individual-
level variables in the youth portion of the UKHLS. The statistics are
split into two groups: individuals exposed to cuts and the whole
sample. SDQ Scores include the sum of all SDQ categories, where a
higher score indicates higher levels of dissatisfaction and distress.
Data Source: UKHLS Understanding Society dataset.

Descriptive Statistics: Treatment Cross-tab

Council Tax Benefit Bedroom Tax Benefit (0 Bedroom Tax Benefit (1)

0 3820 3
1 424 832

Notes: This table shows a cross-tabulation of treatment status in 2013 for those
exposed to measures in the WRA. The majority of units are either untreated
or jointly treated. Very few observations fall into the partially treated groups.
Data Source: UKHLS Understanding Society dataset.
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A.2 Placebo Tests

Placebo Test Paid Employment

Note: This table presents results from placebo treatment tests on the employment out-
come, where the treatment assignment is shifted to 4, 8, and 12 quarters before the
actual treatment period. These tests assess the validity of the parallel trends assump-
tion by examining whether significant effects are observed in pre-treatment periods.
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Placebo Test Unemployment

Note: This table presents results from placebo treatment tests on the unemployment
outcome, where the treatment assignment is shifted to 2, 4, 8, and 12 quarters be-
fore the actual treatment period. These tests assess the validity of the parallel trends
assumption by examining whether significant effects are observed in pre-treatment
periods.
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A.3 Outcome Heterogeneity

A.4 Full Sample of Mothers and Fathers

Note: Figure A.4 sections A and B show the effect of austerity policies on being in paid
employment (panel a), being unemployed (panel b), earnings from labour (panel c),
and total income (Panel d). Pre-treated trends appear before the vertical dotted line
indicating the reference period, t = −1. Figure A.4 is broken into two sections with
section A displaying the impact of the council tax benefit abolishment and section
B displaying the effect of the “spare bedroom tax.” Mother and Father results are
plotted together, with the coefficients associated with mothers shown in red and the
results associated with fathers shown in black.
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A.5 Rambachan & Roth (2023) Test

Council Tax: Mothers Paid Employment

Lower Bound (lb) Upper Bound (ub) Method Delta Type M-bar
0.0560 0.223 C-LF DeltaRM 0.5
0.0533 0.227 C-LF DeltaRM 1.0
0.0398 0.239 C-LF DeltaRM 1.5
0.0222 0.254 C-LF DeltaRM 2.0

Note: This table presents results from the Rambachan and Roth sensitivity anal-
ysis framework, assessing the robustness of estimated treatment effects to po-
tential violations of the parallel trends assumption. The lower bound (lb) and
upper bound (ub) indicate the confidence interval for treatment effects under
the imposed restrictions. The parameter M-bar specifies the maximum allow-
able violation of parallel trends, relative to the largest pre-treatment deviation.
Higher M-bar values allow for greater deviations, relaxing the assumption of
exact parallel trends. These results provide insight into the sensitivity of the
effects of council tax on mothers’ paid employment.

Council Tax: Unemployment Effects

Lower Bound (lb) Upper Bound (ub) Method Delta Type M-bar
-0.435 -0.156 C-LF DeltaRM 0.5
-0.444 -0.143 C-LF DeltaRM 1.0
-0.465 -0.103 C-LF DeltaRM 1.5
-0.502 -0.0624 C-LF DeltaRM 2.0

Note: This table presents results from the Rambachan and Roth sensitivity anal-
ysis framework, assessing the robustness of estimated treatment effects to po-
tential violations of the parallel trends assumption. The lower bound (lb) and
upper bound (ub) indicate the confidence interval for treatment effects under
the imposed restrictions. The parameter M-bar specifies the maximum allow-
able violation of parallel trends, relative to the largest pre-treatment deviation.
Higher M-bar values allow for greater deviations, relaxing the assumption of
exact parallel trends. These results provide insight into the sensitivity of the
effects of council tax on unemployment.
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Council Tax: Labor Earnings Effects

Lower Bound (lb) Upper Bound (ub) Method Delta Type M-bar
0.182 1.48 C-LF DeltaRM 0.5
0.191 1.45 C-LF DeltaRM 1.0
0.0399 1.60 C-LF DeltaRM 1.5
-0.129 1.78 C-LF DeltaRM 2.0

Note: This table presents results from the Rambachan and Roth sensitivity anal-
ysis framework, assessing the robustness of estimated treatment effects to po-
tential violations of the parallel trends assumption. The lower bound (lb) and
upper bound (ub) indicate the confidence interval for treatment effects under
the imposed restrictions. The parameter M-bar specifies the maximum allow-
able violation of parallel trends, relative to the largest pre-treatment deviation.
Higher M-bar values allow for greater deviations, relaxing the assumption of
exact parallel trends. These results provide insight into the sensitivity of the
effects of council tax on labor earnings.

Council Tax: Total Income Effects

Lower Bound (lb) Upper Bound (ub) Method Delta Type M-bar
-0.667 0.154 C-LF DeltaRM 0.5
-0.656 0.160 C-LF DeltaRM 1.0
-0.749 0.224 C-LF DeltaRM 1.5
-0.860 0.329 C-LF DeltaRM 2.0

Note: This table presents results from the Rambachan and Roth sensitivity anal-
ysis framework, assessing the robustness of estimated treatment effects to po-
tential violations of the parallel trends assumption. The lower bound (lb) and
upper bound (ub) indicate the confidence interval for treatment effects under
the imposed restrictions. The parameter M-bar specifies the maximum allow-
able violation of parallel trends, relative to the largest pre-treatment deviation.
Higher M-bar values allow for greater deviations, relaxing the assumption of
exact parallel trends. These results suggest that the estimated effects on total
income are highly sensitive to even modest departures from parallel trends, as
the confidence intervals often include zero, indicating a lack of robustness in
the estimated treatment effect.
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Council Tax: Mothers Being Married

Lower Bound (lb) Upper Bound (ub) Method Delta Type M-bar
0.182 1.48 C-LF DeltaRM 0.5
0.191 1.45 C-LF DeltaRM 1.0
0.0399 1.60 C-LF DeltaRM 1.5
-0.129 1.78 C-LF DeltaRM 2.0

Note: This table presents results from the Rambachan and Roth sensitivity anal-
ysis framework, assessing the robustness of estimated treatment effects to po-
tential violations of the parallel trends assumption. The lower bound (lb) and
upper bound (ub) indicate the confidence interval for treatment effects under
the imposed restrictions. The parameter M-bar specifies the maximum allow-
able violation of parallel trends, relative to the largest pre-treatment deviation.
Higher M-bar values allow for greater deviations, relaxing the assumption of ex-
act parallel trends. These results suggest that the estimated effects on mothers
being married are generally robust to modest parallel trend violations, though
sensitivity increases with larger deviations, as seen with M-bar values approach-
ing 2.

Council Tax: Father Paid Employment

Lower Bound (lb) Upper Bound (ub) Method Delta Type M-bar
-0.0382 0.276 C-LF DeltaRM 0.5
-0.0295 0.276 C-LF DeltaRM 1.0
-0.0666 0.309 C-LF DeltaRM 1.5
-0.106 0.348 C-LF DeltaRM 2.0

Note: This table presents results from the Rambachan and Roth sensitivity anal-
ysis framework, assessing the robustness of estimated treatment effects to po-
tential violations of the parallel trends assumption. The lower bound (lb) and
upper bound (ub) indicate the confidence interval for treatment effects under
the imposed restrictions. The parameter M-bar specifies the maximum allow-
able violation of parallel trends, relative to the largest pre-treatment deviation.
These results suggest that the estimated effects on father paid employment are
moderately sensitive to parallel trend violations, as confidence intervals widen
with increasing M-bar values, and some intervals include zero.
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Council Tax: Father Unemployment

Lower Bound (lb) Upper Bound (ub) Method Delta Type M-bar
-0.345 -0.0901 C-LF DeltaRM 0.5
-0.348 -0.0715 C-LF DeltaRM 1.0
-0.367 -0.0362 C-LF DeltaRM 1.5
-0.399 0.000929 C-LF DeltaRM 2.0

Note: This table presents results from the Rambachan and Roth sensitivity anal-
ysis framework, assessing the robustness of estimated treatment effects to po-
tential violations of the parallel trends assumption. The lower bound (lb) and
upper bound (ub) indicate the confidence interval for treatment effects under
the imposed restrictions. The parameter M-bar specifies the maximum allow-
able violation of parallel trends, relative to the largest pre-treatment deviation.
These results suggest that the estimated effects on father unemployment are rel-
atively robust to small parallel trend violations, but sensitivity increases with
larger M-bar values, as confidence intervals approach and eventually include
zero.

Council Tax: Father Labor Earnings

Lower Bound (lb) Upper Bound (ub) Method Delta Type M-bar
0.0822 2.05 C-LF DeltaRM 0.5
0.142 2.05 C-LF DeltaRM 1.0

-0.00747 2.17 C-LF DeltaRM 1.5
-0.202 2.37 C-LF DeltaRM 2.0

Note: This table presents results from the Rambachan and Roth sensitivity anal-
ysis framework, assessing the robustness of estimated treatment effects to po-
tential violations of the parallel trends assumption. The lower bound (lb) and
upper bound (ub) indicate the confidence interval for treatment effects under
the imposed restrictions. The parameter M-bar specifies the maximum allow-
able violation of parallel trends, relative to the largest pre-treatment deviation.
These results suggest that the estimated effects on father labor earnings are ro-
bust to smaller deviations, but sensitivity increases as M-bar grows, with confi-
dence intervals including zero for M-bar values of 1.5 and above.
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Council Tax: Father Total Income

Lower Bound (lb) Upper Bound (ub) Method Delta Type M-bar
-0.372 0.835 C-LF DeltaRM 0.5
-0.478 0.922 C-LF DeltaRM 1.0
-0.662 1.12 C-LF DeltaRM 1.5
-0.874 1.32 C-LF DeltaRM 2.0

Note: This table presents results from the Rambachan and Roth sensitivity anal-
ysis framework, assessing the robustness of estimated treatment effects to po-
tential violations of the parallel trends assumption. The lower bound (lb) and
upper bound (ub) indicate the confidence interval for treatment effects under
the imposed restrictions. The parameter M-bar specifies the maximum allow-
able violation of parallel trends, relative to the largest pre-treatment deviation.
These results suggest that the estimated effects on father total income are sensi-
tive to parallel trend violations, as the confidence intervals widen significantly
with increasing M-bar values and include both negative and positive values.

A.6 Supplementary Results

Log Overtime Hours

Note: This table presents supplementary results for “overtime hours” using data from
the UK Household Longitudinal Study (UKHLS). These results provide additional
insights into the relationship between the treatment and changes in overtime work.
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Father and Mother Labour Hours

Note: This table presents supplementary results for “Labour Hours” using data from
the UK Household Longitudinal Study (UKHLS). These results provide additional
insights into the relationship between the treatment and changes in overtime work.

Mothers and Fathers- Labour Earnings - Subset of Treatment Group Who Were Employed

Note: Figure A.5 shows the impact of austerity on labour earnings for those who are
both exposed to austerity and were employed in the pre-treatment period. I can see
that the high coefficients are cancelled out when I exclude the unemployed.
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Job Categories

Note: Figure A.6 displays the estimated coefficients for the impact of the Welfare
Reform Act (WRA) on employment trends across different job categories. Job
categories are grouped based on their routine intensity, skill level, and sectoral
characteristics to assess whether the reform had differential effects across
occupational types. Positive coefficients represent an increase in employment within
the respective category, while negative coefficients suggest a decline. Data comes
from the UKHLS
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Non-white and White Subsets

Note: This table presents results separately for the non-white and white subsets of
the sample, using data from the UK Household Longitudinal Study (UKHLS). The
results examine potential heterogeneity in the treatment effects across racial groups,
providing insights into whether the observed impacts differ based on racial identity.
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Above and Below Median Subsets

Note: Figure A.8 presents the estimated effects of the Welfare Reform Act (WRA) on
employment, unemployment, wages, and total earnings for individuals in above-

and below-median income subsets. Confidence intervals are included to indicate the
precision of the effects, and standard errors are adjusted for matched sample

dependency. Positive coefficients indicate increases in the respective outcome (e.g.,
employment or wages), while negative coefficients suggest declines. This

disaggregated analysis highlights whether the WRA had differential impacts on
individuals depending on their position in the income distribution, providing insight

into the reform’s equity effects.
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Council Tax Results: Propensity Score Matching Method

Mother Results

Father Results

Note: Figure A.9 presents the estimated effects of the Welfare Reform Act (WRA) on
employment, unemployment, wages, and total earnings. The analysis is conducted

using the propensity score matching (PSM) method, which matches treated and
control individuals based on their observable characteristics to estimate the causal

impact of the reform. Each panel corresponds to one of the four labor market
outcomes, with estimated treatment effects and confidence intervals displayed.

Positive coefficients suggest an increase in employment or wages, while negative
coefficients indicate a reduction.
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Main Findings Excluding Kids Covariate

Council Tax Treatment

Bedroom Tax Treatment

Note: Figure A.10 plots the estimated effect of austerity on employment, income, and
labor market outcomes, excluding the covariate denoting the number of children in

the household. The results are divided into sections (a) and (b), where section (a)
presents the effect of changes to the Council Tax Benefit and section (b) refers to the

”bedroom tax.” Results are sub-divided by gender, with mothers in red and fathers in
black.
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Parent GHQ

Note: Figure A.11 displays the estimated coefficients for the impact of the Welfare
Reform Act (WRA) on all components of the General Health Questionnaire (GHQ)

for both mothers and fathers. The analysis uses data from the UK Household
Longitudinal Study (UKHLS). Each panel corresponds to a specific GHQ component,

with separate coefficients plotted for mothers and fathers for comparison. Positive
coefficients reflect worsening mental health outcomes, while negative coefficients

indicate improvements.

Girls SDQ Outcomes

Note: Figure A.12 plots the estimated coefficients for the impact of the WRA on the
overall SDQ composite for girls. The SDQ is a measure of behavioral and emotional
difficulties in children. The analysis uses UKHLS data, and confidence intervals are

displayed.
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Boys SDQ Outcomes

Note: Figure A.13 presents the estimated coefficients for the impact of the WRA on
the overall Strengths and Difficulties Questionnaire (SDQ) composite score for boys.

A.7 Data Outline

I focus on the main units of analysis being the parents, the children, both of which are
linked with household information. In the UKHLS each dimension of the household is
contained in unique files, separated by waves. In order to research several dimensions
of the household at once, (i.e., the parents and their household data) it is necessary to
first match the household and parent information by wave, and secondly join the data
waves together to create longitudinal data. Finally, a distinct youth dataset matches
parental information from the adult file to the youth dataset. this allows us to include
individual and household specific variation, in models which explore youth specific
dependent variables. A brief outline of the data structure can be seen in the table
below.

In event study models unbiased estimates of post-treatment period effects relies
intrinsically on the parallel, or common, trend assumption, which presumes that the
counterfactual trend of the treated group, in absence of the event, would remain the
same. By interpreting the pre-trend estimated coefficients, event study models help us
assess the validity of this assumption in this unique specification (Clarke and Tapia-
Schythe, 2021; Schmidheiny and Siegloch, 2019).
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B Appendix B

Chapter 3 Appendix

B.1 Additional Descriptive Statistics

Oklahoma Department of Education Administrative Data

OKCSD Control Total (n obs)

School Characteristics
Schools (Count) 86 1,594 1,680

Avg. N Schools per District na 3.11 na
Districts 1 512 513
School Enrollment∗ 510 370 6 342 132
Number of Teachers∗ 28 21 349 893
Teacher YOE($USD)x 10 13 na
Teacher Salaryx $49,965 $43 944 $44 816
School Counselorsx 1 1 13

Demographic Characteristics
Free School Lunch Eligx 80% 62% 65%
Whitex 19% 63% 57%
Blackx 32% 4% 7%
Asianx 2% 1% 1%
Hispanicx 42% 11% 12%
Nativex 2% 19% 19%

Note: Table B.1 above presents school and district level staffing and demographic
statistics. Note that rows denoted with superscript ∗ correspond with statistics
displayed as school level average values, rows denoted with superscript x display
values as district level average values. YOE denotes years of education.
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B.2 Additional Results

SDID: Long Suspensions

Note: Figure B.1 above presents the Synthetic Difference-in-Differences plot associated
with the effect of OKCSDs discipline policies on long suspensions.

157



SDID: Event Study For Total Suspensions

-8
0

-6
0

-4
0

-2
0

0
20

2005 2010 2015 2020

Point Estimate 95% CI

Note: Figure B.2 presents the dynamic event study results for suspensions, using the
Oklahoma Department of Education administrative dataset. The plot compares sus-
pension rates between OKCSD schools and their synthetic controls, relative to a pre-
treatment baseline constructed using the SDID framework.
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SDID: Event Study For Adolescent Arrests
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Note: Figure B.3 presents the dynamic event study results for adolescent arrests, us-
ing data from the Oklahoma Department of Education administrative dataset and the
FBI’s ASR crime dataset. The plot shows trends in arrests between OKCSD and syn-
thetic controls, relative to a pre-treatment baseline.
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K-Means Elbow

Note: Figure B.4 illustrates the elbow plot for the K-means clustering results, where
the within-cluster sum of squares (W(Ck)) is plotted against the number of clus-
ters. The goal of K-means is to minimize total intra-cluster variation (tot.withinss)
by grouping points as closely as possible to their respective centroids (µk).
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B.3 In Time Placebo Estimation

2015 In Time Placebo Estimated Treatment Effects

Outcome Estimate Standard Error P-value

Suspensions
Short Suspensions -17.20*** (8.43e-12) ¡ 0.01
Long Suspensions -1.96** (0.01) 0.005

Grades 6 to 8
Grade 6 Math -5.86 (0.065) 0.065
Grade 6 Reading -10.15*** (0.00003) ¡ 0.01
Grade 7 Math 2.92 (0.33) 0.333
Grade 7 Reading 1.09 (0.59) 0.587
Grade 8 Math 0.82 (0.84) 0.841
Grade 8 Reading -2.45 (0.24) 0.245
Grade 8 Science -3.39 (0.27) 0.273

Arrests
Youth Arrests -15.26 (2.65) ¡ 0.01

Notes: Standard errors are reported in parentheses. Significance
levels: *** p < 0.01, ** p < 0.05, * p < 0.1. This table presents
results from a placebo exercise with the post-treatment period be-
ginning in 2015. The data for test scores and suspensions are
sourced from the Oklahoma School Report Card data, which pro-
vides school-level administrative records. The crime statistics are
derived from the FBI’s ASR subset of crime data, focusing specifi-
cally on youth arrests from the ages of 10 to 12. The above specifi-
cation drops years 2016 onwards.
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2014 In Time Placebo Estimated Treatment Effects

Outcome Estimate Standard Error P-value

Suspensions & Absenteeism
Short Suspensions -4.26 (0.14) 0.138
Long Suspensions 0.69 (0.17) 0.173
Total Suspensions -2.21 (0.52) 0.522
Absences 0.30 (0.16) 0.072

Grades 6 to 8
Grade 6 Math 0.11 (0.97) 0.971
Grade 6 Reading -2.66 (0.32) 0.323
Grade 7 Math 2.31 (0.51) 0.511
Grade 7 Reading 2.28 (0.27) 0.268
Grade 8 Math 0.61 (0.91) 0.910
Grade 8 Reading 0.73 (0.80) 0.796
Grade 8 Science -1.50 (0.67) 0.665

Arrests
Youth Arrests 2.8381 (2.83) 0.822

Notes: Standard errors are reported in parentheses. Significance levels: *** p <

0.01, ** p < 0.05, * p < 0.1. This table presents results from a placebo exercise
with the post-treatment period beginning in 2014. The data for test scores and
suspensions are sourced from the Oklahoma School Report Card data, which
provides school-level administrative records. The crime statistics are derived
from the FBI’s ASR subset of crime data, focusing specifically on youth arrests
from the ages of 10 to 12. The above specification drops years 2015 onwards.
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2013 In Time Placebo Estimated Treatment Effects

Outcome Estimate Standard Error P-value

Suspensions
Short Suspensions 0.83 (6.30) 0.637
Long Suspensions 0.06 (1.15) 0.908

Grades 6 to 8
Grade 6 Math -3.28 (8.25) 0.196
Grade 6 Reading -2.46 (7.73) 0.361
Grade 7 Math -1.53 (8.73) 0.678
Grade 7 Reading -0.31 (6.09) 0.916
Grade 8 Math 3.93 (13.34) 0.413
Grade 8 Reading -0.71 (5.52) 0.771
Grade 8 Science -4.37 (11.49) 0.229

Youth Arrests -0.34 (6.46) 0.913

Notes: Standard errors are reported in parentheses. Significance
levels: *** p < 0.01, ** p < 0.05, * p < 0.1. This table presents
results from a placebo exercise with the post-treatment period be-
ginning in 2013. The data for test scores and suspensions are
sourced from the Oklahoma School Report Card data, which pro-
vides school-level administrative records. The crime statistics are
derived from the FBI’s ASR subset of crime data, focusing specifi-
cally on youth arrests from the ages of 10 to 12. The above specifi-
cation drops years 2015 onwards.
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B.4 Placebo Treatment Estimated Treatment Effects

Placebo Treatement

Outcome Estimate Standard Error P-value

Suspensions
Short Suspensions 0.37 (9.12) 0.947
Long Suspensions 0.07 (1.55) 0.953

Grades 6 to 8
Grade 6 Math -2.26 (17.39) 0.546
Grade 6 Reading 1.54 (15.60) 0.463
Grade 7 Math -1.21 (19.95) 0.730
Grade 7 Reading -0.86 (14.57) 0.672
Grade 8 Math -1.45 (13.13) 0.628
Grade 8 Reading 1.72 (14.51) 0.525
Grade 8 Science 2.77 (18.78) 0.377

Arrests
Youth Arrests -0.85 (353.24) 0.889

Notes: Standard errors are reported in parentheses. Significance
levels: *** p < 0.01, ** p < 0.05, * p < 0.1. This table presents re-
sults from a placebo exercise with randomly selected treated units.
The data for test scores and suspensions are sourced from the Ok-
lahoma School Report Card data, which provides school-level ad-
ministrative records. The crime statistics are derived from the FBI’s
ASR subset of crime data, focusing specifically on youth arrests
from the ages of 10 to 12.
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B.5 Results Without Covariates

SDID: School Outcomes Without Covariates

max width=
Outcome ATT P-value Lower CI Upper CI

School Metrics
Absences 0.51*** 0.02 0.09 0.93
Short Suspensions -42.62*** 0.00 -48.24 -36.99
Long Suspensions -2.72*** 0.00 -3.36 -2.08

Grades 6 to 8
Grade 6 Math 2.77 0.45 -4.34 9.88
Grade 6 Reading -5.68* 0.07 -11.72 0.36
Grade 7 Math 7.36** 0.02 1.39 13.33
Grade 7 Reading -2.17 0.43 -7.58 3.24
Grade 8 Math 6.61** 0.03 0.72 12.49
Grade 8 Reading 0.63 0.79 -4.07 5.33
Grade 8 Science 8.05*** 0.00 4.71 11.39

Counselors
Counselors 0.15*** 0.00 0.10 0.21

Notes: Confidence intervals (CI) are reported alongside ATT estimates.
Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.1. This table
presents results from an alternative specification that does not include co-
variates. Data for test scores and suspensions are sourced from the Ok-
lahoma School Report Card data, providing school-level administrative
records.

C Appendix C

Chapter 4 Appendix
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C.1 Descriptive Plots

Figure C.1: Crime Reports per 1000 People by Treatment Group

above plots the sum of counts for assault and break and entering by treatment group. Treatment groups
are denoted by different shapes based on the quarter in which they enter the post-treatment period.
Data come From the Toronto Police Open Data.
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Figure C.2: Mental Health Apprehensions per 1000 People by Treatment Group

above plots the sum of counts for mental health apprehensions by treatment group. Treatment groups
are denoted by different shapes based on the quarter in which they enter the post-treatment period.
Data come From the Toronto Police Open Data.
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C.2 Event Study Plots Crime

Figure C.3: Assault Emergency Callouts Near SCS in Toronto - Calls per 1000
People

Group 1 Group 2

Group 3 Group 4

Figure C.3 above illustrates emergency assault call trends near supervised consumption sites (SCS) in
Toronto, measured per 1,000 people. Each panel represents a specific cohort group based on staggered
treatment timings, capturing how call frequencies evolved before and after SCS implementation. The
data, sourced from Toronto Police records, provides insights into potential community-level impacts of
SCS on property-related emergencies. Confidence intervals indicate statistical significance, with
overlapping trends across groups suggesting consistent patterns.
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Figure C.4: Break & Enter Emergency Calls Near SCS in Toronto

Group 1 Group 2

Group 3 Group 4

Figure C.4 above illustrates break-and-enter emergency call trends near supervised consumption sites
(SCS) in Toronto, measured per 1,000 people. Each panel represents a specific cohort group based on
staggered treatment timings, capturing how call frequencies evolved before and after SCS
implementation. The data, sourced from Toronto Police records, provides insights into potential
community-level impacts of SCS on property-related emergencies. Confidence intervals indicate
statistical significance, with overlapping trends across groups suggesting consistent patterns.
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C.3 Event Studies

Event Study Results for Group 1 (Period 16 as Baseline)

Time (Period) Estimate (ATT) Std. Error [95% Conf. Interval]

-6 0.3896 0.1639 [-0.0903, 0.8695]
-5 -0.0665 0.1475 [-0.4985, 0.3656]
-4 -0.2578 0.1674 [-0.7481, 0.2324]
-3 0.0743 0.1813 [-0.4567, 0.6054]
-2 0.0952 0.1485 [-0.3396, 0.5299]
-1 0.3248 0.1589 [-0.1404, 0.7900]
0 -0.4526 0.2021 [-1.0445, 0.1392]
1 -0.3714 0.1189 [-0.7195, -0.0232]
2 -0.4759 0.1775 [-0.9956, 0.0437]
3 -0.0636 0.1175 [-0.4077, 0.2805]
4 -0.3242 0.1387 [-0.7303, 0.0819]
5 0.1040 0.1503 [-0.3360, 0.5440]
6 0.2715 0.0961 [-0.0099, 0.5529]
7 0.0147 0.1104 [-0.3085, 0.3379]
8 -0.0395 0.1280 [-0.4144, 0.3354]

Note: This table presents the event study results for Group 1, with Period 16
serving as the baseline (Time 0). Estimates represent the average treatment ef-
fects on the treated (ATT) for each time period. These results provide insight
into how supervised consumption sites (SCS) influenced overdose callouts for
this group. Data comes from Toronto Police Open Data.

170



Event Study Results for Group 2 (Period 17 as Baseline)

Time (Period) Estimate (ATT) Std. Error [95% Conf. Interval]

-7 0.0090 0.5464 [-1.5909, 1.6089]
-6 -0.1879 0.6357 [-2.0494, 1.6736]
-5 0.0440 0.1319 [-0.3421, 0.4301]
-4 0.3102 0.1899 [-0.2460, 0.8664]
-3 0.2246 0.1483 [-0.2096, 0.6588]
-2 -0.2051 0.2595 [-0.9649, 0.5547]
-1 -0.3320 0.3895 [-1.4724, 0.8084]
0 0.6715 0.2570 [-0.0810, 1.4240]
1 0.0916 0.3859 [-1.0383, 1.2216]
2 0.4755 0.2613 [-0.2898, 1.2407]
3 0.3248 0.5483 [-1.2806, 1.9302]
4 0.7519 0.6623 [-1.1874, 2.6911]
5 0.4600 0.5894 [-1.2660, 2.1859]
6 0.2022 0.2792 [-0.6155, 1.0199]
7 0.6512 0.3623 [-0.4096, 1.7120]

Note: This table presents the event study results for Group 2, with Period 17
serving as the baseline (Time 0). Estimates represent the average treatment ef-
fects on the treated (ATT) for each time period. These results provide insight
into how supervised consumption sites (SCS) influenced overdose callouts for
this group. Data comes from Toronto Police Open Data.baseline period.
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Event Study Results for Group 3 (Period 18 as Baseline)

Time (Period) Estimate (ATT) Std. Error [95% Conf. Interval]

-8 -0.3275 0.0666 [-0.5224, -0.1326]
-7 0.3351 0.0677 [0.1369, 0.5334]
-6 -0.0815 0.0696 [-0.2852, 0.1223]
-5 -0.0168 0.0710 [-0.2246, 0.1911]
-4 -0.1095 0.0553 [-0.2713, 0.0523]
-3 0.0796 0.0589 [-0.0927, 0.2520]
-2 -0.2416 0.0679 [-0.4406, -0.0427]
-1 0.4588 0.0665 [0.2640, 0.6535]
0 -0.0098 0.0628 [-0.1936, 0.1739]
1 -0.4192 0.0637 [-0.6058, -0.2326]
2 -0.1807 0.0619 [-0.3620, 0.0006]
3 -0.1779 0.0619 [-0.3591, 0.0034]
4 -0.2225 0.0618 [-0.4036, -0.0414]
5 0.1548 0.0607 [-0.0230, 0.3327]
6 -0.3759 0.0650 [-0.5663, -0.1854]

Note: This table presents the event study results for Group 3, with Period 18
serving as the baseline (Time 0). Estimates represent the average treatment ef-
fects on the treated (ATT) for each time period. These results provide insight
into how supervised consumption sites (SCS) influenced overdose callouts for
this group. Data comes from Toronto Police Open Data.
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Event Study Results for Group 4 (Period 21 as Baseline)

Time (Period) Estimate (ATT) Std. Error [95% Conf. Interval]

-11 0.3100 0.3772 [-0.7944, 1.4144]
-10 0.3747 0.2488 [-0.3539, 1.1033]
-9 -0.0793 0.2013 [-0.6686, 0.5100]
-8 -0.0635 0.1926 [-0.6275, 0.5006]
-7 0.1347 0.3176 [-0.7953, 1.0647]
-6 0.0835 0.1777 [-0.4369, 0.6038]
-5 0.0348 0.4402 [-1.2541, 1.3237]
-4 -0.0345 0.3894 [-1.1748, 1.1058]
-3 -0.4770 0.2819 [-1.3025, 0.3485]
-2 0.5879 0.4402 [-0.7011, 1.8769]
-1 -0.0833 0.3311 [-1.0529, 0.8863]
0 0.3401 0.2011 [-0.2487, 0.9290]
1 0.3247 0.4899 [-1.1099, 1.7593]
2 0.3180 0.2798 [-0.5014, 1.1373]
3 0.0809 0.5855 [-1.6336, 1.7953]

Note: This table presents the event study results for Group 4, with Period 21
serving as the baseline (Time 0). Estimates represent the average treatment ef-
fects on the treated (ATT) for each time period. These results provide insight
into how supervised consumption sites (SCS) influenced overdose callouts for
this group. Data comes from Toronto Police Open Data.

C.4 Robustness Checks

C.5 Decreasing and increasing SCS “Catchment areas”

In the Figures below we provide evidence to show that our results are not sensitive
to adjusting the treatment definition to include smaller or larger geographic areas by
decreasing and increasing the catchment areas of SCS substantially in each iteration.
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Figure C.5: Overdose Callouts near SCS - Calls per 1000 People- Distance 500m

Group 1 Group 2

Group 3 Group 4

Figure C.5 provides the estimated impact of SCS on overdose callouts when using an alternative
treatment definition that defines treatment radius around each SCS as 500 meters. Data comes from
Toronto Police Open Data.
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Figure C.6: Overdose Callouts near SCS - Calls per 1000 People - Distance 1500m

Group 1 Group 2

Group 3 Group 4

Figure C.6 provides the estimated impact of SCS on overdose callouts when using an alternative
treatment definition that defines treatment radius around each SCS as 1500 meters. Data comes from
Toronto Police Open Data.
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Figure C.7: Overdose Callouts near SCS - Calls per 1000 People - Distance 2000m

Group 1 Group 2

Group 4

Figure C.7 provides the estimated impact of SCS on overdose callouts when using an alternative
treatment definition that defines treatment radius around each SCS as 2000 meters. Sub-Figure C
represents Group 4 and is centered below Sub-Figure A (Group 1) and B (Group 2). Data comes from
Toronto Police Open Data.
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C.6 Using Neighborhood Boundaries Instead of Neighborhood Centroids

Figure C.8: Overdose Callouts near SCS - Calls per 1000 People

Group 1 Group 2

Group 3 Group 4

Figure C.8 shows the impact of supervised consumption sites (SCS) on overdose
callouts per 1,000 people, using a spatial setup where treatment is defined by
neighborhood boundaries rather than centroids with the same 1000 meter radius
used in our primary specification. Each panel corresponds to a specific group based
on when treatment began. Data comes from the Toronto Police Open Data.
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Table C.5: Aggregated ATT and Group Effects: Emergency Overdose Calloutss Per
1000

Cohort/Group Estimate (ATT) Std. Error [95% Conf. Interval]

Overall ATT Summary
— 0.0221 0.115 [-0.2033, 0.2475]

Group Effects
Group 1 -0.1455 0.0870 [-0.3160, 0.0250]
Group 2 0.2541 0.2405 [-0.2172, 0.7254]
Group 3 -0.0019 0.0534 [-0.1066, 0.1028]
Group 4 0.4765 0.3347 [-0.1794, 1.1324]

Pre-Treatment Mean = 0.95, SD = 0.519, N = 2375

Note: Significance levels are indicated by confidence bands not covering 0.
Estimation Method: Doubly Robust

* Denotes significance at the 10% level, ** at the 5% level, and *** at the 1% level.

Figure C.9aOverdose Callouts near SCS - Calls per 1000 People
Specification: Excludes Units Treated a Second Time After Initial Treatment

*

Note: This figure presents results from the Callaway and Sant’Anna (CS) estimator using Toronto Police

data. The specification excludes all units that were treated a second time after their initial treatment (i.e.,

“second” treated units). The data is analysed to estimate the impact of supervised consumption sites

(SCS) on overdose callouts per 1000 people in the affected areas.
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C.7 Placebo Treatment

Here the treatment is randomly assigned to untreated neighborhoods (further than
1,000 meters away from a SCS opening at any time in the pre or post treatment periods.

Figure C.10: Placebo Treatment Overdose Callouts near SCS - Calls per 1000 People

Group 1 Group 2

Group 3 Group 4

Figure C.10 presents results from a placebo test analyzing overdose callouts near
supervised consumption sites (SCS). The data is sourced from Toronto Police records
and uses the Callaway and Sant’Anna (CS) estimator. In this specification, placebo
treatment periods are assigned to ensure that no actual treatment effects are
captured. The purpose of this test is to verify that the observed trends are not driven
by spurious correlations or pre-existing differences unrelated to the actual
implementation of SCS. Confidence intervals for these placebo treatments provide a
benchmark for assessing the robustness of the primary analysis.
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C.8 Alternative Outcome Measurements

Figure C.11: Overdose Callouts near SCS - Log Callouts per 1000

Group 1 Group 2

Group 3 Group 4

Figure C.11 uses the ‘log 1+x‘ transformation (logarithm of one plus the count) to
model overdose callouts near supervised consumption sites (SCS) per 1000 people.
This alternative specification is included to assess the robustness of the results to
changes in the outcome variable’s distribution. The data, sourced from Toronto
Police records, is analysed using the Callaway and Sant’Anna (CS) estimator. The
‘log 1+x‘ transformation helps to address skewness in callout data and provides a
complementary perspective on the treatment effects.
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Figure C.12: Overdose Callouts near SCS - Inverse Hyperbolic Sine Transformed
Callouts per 1000

Group 1 Group 2

Group 3 Group 4

Figure C.12 uses the inverse hyperbolic sine (IHS) transformation to model overdose
callouts near supervised consumption sites (SCS) per 1000 people. The IHS
transformation is applied as an alternative to traditional logarithmic transformations
to handle zero and negative aA, making it particularly suited for this context. The
data, sourced from Toronto Police records, is analysed using the Callaway and
Sant’Anna (CS) estimator. This approach allows for a robustness check of the results
by ensuring the findings are not sensitive to the choice of transformation for the
dependent variable.
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Figure C.13: Overdose Callouts near SCS - Callouts per 1,000: Sun and Abraham

(2020)

Note: This figure presents results from the Sun and Abraham (2020) estimator for overdose callouts near
supervised consumption sites (SCS), measured per 1,000 people. The Sun and Abraham method
provides an alternative approach to estimating treatment effects in staggered adoption settings,
addressing potential issues with heterogeneous treatment effects. The data, sourced from Toronto Police
records, is analysed to compare results with the primary Callaway and Sant’Anna (CS) estimator. This
figure demonstrates that the estimated effects remain consistent across different estimators, reinforcing
the robustness of the findings.

Sun and Abraham Event Study: Overdose Callouts per 1000

Time (Period) Estimate (ATT) Std. Error [95% Conf. Interval]

-6 -0.2922 0.1290 [-0.5451, -0.0393] *
-5 -0.0947 0.1074 [-0.3052, 0.1158]
-4 -0.0787 0.1281 [-0.3296, 0.1722]
-3 -0.2244 0.1292 [-0.4777, 0.0289] .
-2 -0.1723 0.1109 [-0.3897, 0.0451]
0 0.2137 0.1126 [-0.0070, 0.4344] .
1 0.0718 0.1476 [-0.2172, 0.3608]
2 -0.0620 0.1046 [-0.2669, 0.1429]
3 0.0390 0.1325 [-0.2203, 0.2983]
4 0.2024 0.1263 [-0.0451, 0.4490]
5 0.1594 0.1381 [-0.1104, 0.4292]

Note: Significance levels are indicated by confidence bands not covering 0.
Group 1 results are based on LS estimation with fixed effects. Time 0 corre-
sponds to the baseline period. Signif. codes: * 0.05, . 0.1
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Figure C.14: Overdose Callouts near SCS - Calls per 1000 People

Figure C.14 includes all available pre-treatment periods in the analysis of overdose
callouts near supervised consumption sites (SCS). By incorporating all pre-treatment
periods, this specification provides a more comprehensive view of baseline trends
before the implementation of SCS.
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