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Abstract 

 

We examine the labor supply decisions of substitute teachers – a large, on-demand market  

with broad shortages and inequitable supply. In 2018, Chicago Public Schools implemented a 

targeted bonus program designed to reduce unfilled teacher absences in largely segregated Black 

schools with historically low substitute coverage rates. Using a regression discontinuity design, 

we find that incentive pay substantially improved coverage equity and raised student 

achievement. Changes in labor supply were concentrated among Black and Hispanic substitutes 

from nearby neighborhoods with experience in incentive schools. Wage elasticity estimates 

suggest incentives would need to be 50% of daily wages to close fill-rate gaps.    
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The choices educators make about where to supply their labor have important 

consequences for educational equity. Educators’ preferences for schools based on non-pecuniary 

aspects of a job such as a school’s location and working conditions can create inequitable access 

to learning opportunties for students.1 One possible policy lever to address these market 

inequities is to move away from uniform salary schedules to ones that offer a wage premium for 

working in hard-to-staff schools. Several studies evaluating targetted pay programs have found 

that teachers’ labor supply decisions are responsive to wage incentives and that these choices 

affect students’ academic outcomes.2 We examine the nature of labor supply among an important 

but far less studied group of employees in public education, substitute teachers. 

Substitute teaching is among the largest on-demand labor sectors in the U.S. with almost 

600,000 substitutes covering over 30 million teacher absences in K-12 schools each year.3 

Demand for substitute teachers has traditionally exceeded labor supply at prevailing wages. Prior 

to the COVID-19 pandemic, one of every five substitute requests in the U.S. went unfilled 

(Frontline Education 2019).4 The health and economic impacts of the pandemic have further 

exacerbated longstanding substitute shortages, with 77% of school districts reporting acute 

challenges in staffing substitute positions (Schwartz and Diliberti 2022). Some districts have 

even been forced to take emergency measures such as waiving college experience requirements, 

calling on the National Guard, and temporarily closing schools (Blad 2022; Heyward 2021; 

Hughes 2021). 

                                                 
1 See for example Boyd et al. (2005); Boyd et al. (2011); Boyd et al. (2013); Clotfelter, Ladd, and Vigdor (2011); 

Feng and Sass (2018); Hanushek, Kain, and Rivkin (2004); James, Kraft, and Papay (2022). 
2 See for example Bobba et al., (2021); Cabrera and Webbink (2020); Clotfelter et al. (2008); Feng and Sass (2018); 

Glazerman et al. (2013); Kho et al. (2019); Pugatch & Schroeder (2018); Steele, Murnane, and Willett (2010).  
3 We estimate total number of teacher absences based on an average of 11 absences per teacher (Frontline Education 

2019; Joseph, Waymack, and Zielaski 2014) and 3.6 million K-12 teachers.  
4 Similar shortages exist in other high-income countries such as France (Benhenda 2022). 
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Although substitute shortages are a widespread challenge, the nature of the substitute 

labor market distributes these shortages among schools in inequitable ways. In the private sector, 

compensating wage differentials typically serve to “level the playing field” across jobs with 

different working conditions (Rosen 1986; Smith 1979). In the public education sector, fixed 

salary schedules within districts substantially constrain variation in wages across jobs, placing 

some schools at a substantial disadvantage (Feng 2020). Unlike private firms, traditional public 

schools cannot control many aspects of their working conditions such as their location or what 

challenges their students may face outside of school. These unequal characteristics have 

particularly stark consequences for the distribution of substitute labor because of the limited 

labor supply and the one-sided nature of the market. When schools post requests for substitutes, 

they have little choice over who fills the requests. While schools primarily compete over the 

qualifications and effectiveness of the teachers they hire, competition for substitutes is often on 

the margin of whether schools can successfully secure any substitute at all to cover a teacher’s 

absence.  

In this paper, we study the labor supply decisions of substitute teachers in the Chicago 

Public Schools (CPS) and examine the potential of a differentiated wage structure to reduce 

inequities in substitute fill rates. CPS schools in the bottom quintile of fill rates have, on average, 

50% of substitute requests filled, compared to an average fill rate of over 95% in the top quintile. 

This inequitable distribution of substitute coverage matters because unfilled teacher absences can 

have far-reaching consequences for students and schools. Substitutes play an important role in 

ensuring the organizational stability of schools and minimizing the negative effects of teacher 

absences on student achievement (Benhenda 2022; Clotfelter, Ladd, and Vigdor 2009; Herrmann 

and Rockoff 2012; Miller, Murnane, and Willett 2008). Teacher absences that go uncovered 
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force schools to make difficult choices between redistributing students across other classes, 

pulling other school personnel away from their duties to cover the class, or placing students in 

the gym, cafeteria, or library with minimal supervision. Each of these responses creates negative 

externalities that spill over beyond an absent teacher’s classroom.  

Understanding the labor supply decisions of substitute teachers is also critical for 

advancing educational equity because differences in substitute coverage often fall sharply along 

racial and socioeconomic lines (Gershenson 2012; 2013; Liu, Loeb, and Shi 2022). In cities like 

Chicago, substitute labor market dynamics are deeply affected by the racial and socioeconomic 

segregation of neighborhoods and schools (Ewing 2018), with students of color and low-income 

students disproportionately bearing the burden of substitute shortages.5 In 2017-18, Black 

students in CPS experienced uncovered teacher absences at three times the rate of their white 

peers (33% vs. 10%) and students from low-income backgrounds faced uncovered absences 

twice as often as their more affluent peers (26% vs. 12%). Substitute coverage in CPS and other 

large urban districts is a civil rights issue. 

Aiming to address this inequity, CPS collaborated with our research team to design a 

targeted bonus-pay program for substitute requests in the 75 schools with the lowest historical 

fill rates in the district. We apply a sharp regression discontinuity (RD) design to evaluate the 

causal effects of the program on substitute coverage and student outcomes. In the following year, 

the district expanded the program from an initial 75 to 125 schools, allowing us to reexamine its 

efficacy after a year of implementation and evaluate a different local margin of treatment.  

We find that substitute labor supply was substantially affected by the targeted incentives, with a 

23 percentage-point increase in the share of substitute requests filled – an almost 50% increase in 

                                                 
5 Similar patterns of inequitable substitute coverage are evident in the Columbus City Schools (Curriculum 

Management Solutions, Inc. 2020, 207).  



 5 

treated schools’ fill rates. As a result, substitutes covered an additional 114 teacher absences, on 

average, in each incentive school that otherwise would have been unfilled – equivalent to over 

13,000 total student-hours of classroom coverage per school.6 We conduct a range of robustness 

tests for potential negative spillover effects of the targeted incentives on non-incentive schools 

both broadly and among those schools concentrated just below the treatment cutoff. These 

analyses suggest that the discontinuities we estimate at the treatment cutoff are driven almost 

entirely by increases in fill rates among treated schools rather than substitute coverage declines 

among non-incentive schools caused by negative spillover effects. 

Increased substitute labor supply on the extensive margin (from the incentive schools’ 

perspective) appears to be the primary driver of increased coverage. We find the increase in fill 

rates is mostly explained by more substitutes working in schools with historically low fill rates, 

rather than an increase in the average number of days substitutes work in these schools. The 

increased number of unique substitutes working in incentive schools were almost entirely Black 

and Hispanic substitute teachers who lived within a convenient, but not immediate, commute to 

an incentive school. This reflects the highly segregated nature of the incentive schools’ 

neighborhoods. Disaggregating results by substitutes’ prior work histories, we also find that 

effects were concentrated among substitutes who had previously demonstrated a willingness to 

work in incentive schools but were not working in them exclusively. Thus, the incentives appear 

to have shaped the labor supply decisions of only a subset of the CPS substitute teacher 

workforce. Estimates of substitutes’ wage elasticity of daily labor supply at incentive schools 

                                                 
6 We estimate this as follows: 23% of the total number of substitute requests by treated schools in 2018-19 was 

8,550. Dividing this number by the 75 treated schools produces 114 additional filled absences per school. We then 

multiple 114 by the average number of students teachers teach in incentive schools (20) and the number of 

instructional hours in a school day (6 hours in CPS elementary schools). 
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suggest that the targeted bonus pay would need to be roughly doubled to $80, or 50% of daily 

substitute pay, in order to entirely close the coverage gap faced by incentive schools. 

We further test for effects on other school outcomes such as teacher retention and student 

achievement. We find no effect on teacher turnover, but a small positive effect of 0.05 standard 

deviations on achievement in English Language Arts. Results for math are of similar magnitude 

but are imprecisely estimated. This is equivalent to moving a typical incentive school from the 

21st to the 27th percentile in the district-wide distribution of average achievement.  

Estimates for the second year of the expanded incentive program reveal similar results. 

We find the program increased fill rates among incentive schools by 21 percentage points with a 

pattern of substitute labor supply responses consistent with the year prior. These results enhance 

the overall generalizability of our findings as we estimate the second-year effects of the program 

at a different local margin of treatment. Unlike the first year, we find evidence that the second-

year program successfully attracted substitutes who did not work the prior year to return to work 

at schools with incentive pay. Finally, we find that the second-year program increased teacher 

absences in incentive schools by 3.5 days, driven almost entirely by absences for professional 

development rather than sick or personal days.   

This research contributes to several related literatures. Our paper is most directly related 

to the labor and personnel economics literatures examining educators’ labor supply preferences 

and the effect of compensating wage differentials in the public education sector (Boyd et al. 

2005; 2011; 2013; Bueno and Sass 2018; Cabrera and Webbink 2020; Clotfelter et al. 2008; 

Feng and Sass 2018; Glazerman et al. 2013; Hanushek, Kain, and Rivkin 2004; Kho et al. 2019; 

Pugatch and Schroeder 2018; Steele, Murnane, and Willett 2010). We provide the first direct 

estimates of substitute teachers’ labor supply response to differentiated wages, a policy that has 
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been proposed in prior research (Gershenson 2012) and is currently used in some school districts 

(Liu, Loeb, and Shi 2022) but has not yet been evaluated in the field.  

We also leverage our setting to estimate the wage elasticity of daily labor supply for 

substitutes. Prior studies have shown that teachers’ annual labor supply is wage-elastic on the 

extensive margin of whether to join/remain at a school, suggesting that compensating 

differentials may decrease disparities in substitutes’ labor supply across schools (Falch 2010; 

2011; Ransom and Sims 2010). Our findings are strikingly similar to prior work examining the 

wage elasticity of teachers’ annual labor supply decisions despite the different margins these 

wage elasticities represent. Our work also complements recent model-based analyses exploring 

the efficiency and equity consequences of different pay regimes and assignment mechanism in 

the teacher labor market (Bates et al. 2022; Biasi, Fu, and Stromme 2021; Bobba et al. 2021; 

Graham et al. 2022; Tincani 2021). 

Prior research on the daily labor supply decisions of on-demand workers has primarily 

focused on taxi and ride-hailing drivers (Camerer et al. 1997; Chen et al. 2020; Chen and 

Sheldon 2015; Farber 2005; 2008; 2015; Thakral and Tô 2021), which make up approximately 

370,000 jobs in the U.S.7 We extend this body of work by examining substitute teachers, a larger 

and far less studied occupation in the on-demand labor market. Our study provides further 

evidence of an income effect in the context of on-demand workers’ decisions about where to 

provide their labor (Allon, Cohen, and Sinchaisri 2018; Camerer et al. 1997; M. K. Chen and 

Sheldon 2015; Fehr and Goette 2007). Finally, these findings are relevant for larger efforts to 

address inequity in the U.S. public education system and illuminate the consequences of 

residential and school segregation on school quality and educator labor supply.  

                                                 
7 Employed population estimates are from the Bureau of Labor Statistics’ 2018 employment data (2018a; 2018b).  



 8 

1. Hypothesized Effects of Uncovered Teacher Absences  

 Uncovered teacher absences affect students, teachers, and administrators throughout a 

school via a variety of direct and indirect channels. When schools fail to secure a substitute 

teacher, students likely lose instructional time. Although securing a substitute does not guarantee 

that students will have a productive learning environment, it at least ensures supervision and 

possible support for students to complete independent work. Sending students to be supervised 

by non-instructional staff in school gyms, auditoriums, and cafeterias – a sometimes necessary 

solution – limits the potential use of instructional time and can convey to students an implicit 

disregard for their learning. Teachers often must spend additional instructional time upon their 

return addressing students’ uneven progress and any disciplinary issues that arose when 

substitutes can’t be found.  

 Unfilled absences also have the potential to spill over beyond a single classroom by 

having a domino-like effect throughout a school (Vialet and von Moos 2020). The impact of re-

allocating students and staff during an uncovered absence affects the administrative functioning 

and overall orderliness of the school environment. Administrators must abandon their planned 

work schedule to prioritize finding classroom coverage. Disruptions from unsupervised students, 

frequent student additions from uncovered classes, and repeated requests to fill in for absent 

colleagues might engender resentment among teachers and cause them to feel like their work is 

undervalued. This could, in turn, lead to animus towards school leadership, a decreased 

commitment to the school, higher rates of teacher absences, and lower rates of teacher retention. 

 Students in other classes can be affected when their class receives students whose teacher 

is absent or when their teacher has to cover for the absence of a colleague. Redistributing 

students across other classes increases class sizes, which can create distractions and make 
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classroom management more challenging for teachers. Teachers often cover absences during 

their prep-period, losing time they would have dedicated to planning lessons, communicating 

with families, and collaborating with other grade- and subject-level teams. Schools frequently 

have special-educators, paraprofessionals, or enrichment teachers (e.g., art, music, dance, and 

physical education) step away from their primary duties to cover a class when substitutes are 

unavailable. This shortchanges students with learning differences who have a legal right to 

specialized support services under the Individuals with Disabilities Education Act. In some 

cases, school principals and administrators are even forced to step in as substitutes. 

2. Research Design 

2.1 Chicago Public Schools 

 The Chicago Public School District (CPS), the fourth largest school district in the U.S., is 

comprised of 508 traditional public schools. The district served 370,000 students in the 2017-18 

school year, with a staff of over 22,000 teachers and 5,500 substitutes. The concentration of 

students of color and low-income students in Chicago is similar to other large, urban districts 

such as New York City, Los Angeles, and Miami-Dade. Black and Hispanic students make up 

37% and 47% of the district, respectively. White and Asian students comprise 10% and 4% of 

the student population. Seventy-seven percent of students are eligible for free or reduced-price 

lunch (FRPL), a proxy for household income.  

The composition of the teacher workforce and, to a lesser degree, the substitute 

workforce are not representative of the students they serve. Teachers in CPS are 78% women, 

50% white, 21% Black, 21% Hispanic, and 4% Asian. Substitutes are 72% women, 42% white, 

39% Black, 10% Hispanic, and 3% Asian. The average teacher in Chicago was absent 12 times 

in 2017-18, similar to teacher absence rates in other large, urban districts (Joseph, Waymack, and 
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Zielaski 2014). Twenty-three percent of substitute requests went unfilled in Chicago in 2017-18 

– five percentage points higher than similar urban districts in that year (Frontline Education 

2019). 

CPS is also one of the most racially segregated school districts in the country (Potter 

2022a; 2022b). As shown in Figure 1, nearly every school in CPS serves a population of students 

where a single race comprises over 50% of the student body. Black students are concentrated in 

the South Side and West Side of the city. Hispanic students are concentrated in the Southwest 

Side and Northwest Side of the city. White students are concentrated in the North Side and Far 

North Side of the city, and Asian students are concentrated in Central Chicago. One in three 

schools in Chicago serves an almost exclusively Black student population (>85%) and one in 

five schools serves an almost exclusively Hispanic population (>85%).  

2.2 Substitute Teachers in CPS  

Substitute labor supply in Chicago is shaped by state regulations, district policies, and 

substitute preferences. During our study period, the state of Illinois required substitutes to hold a 

bachelor’s degree and state-issued substitute teaching licensure. Substitute teachers in CPS are 

part of the larger Chicago Teachers Union which negotiates on their behalf. CPS employs two 

primary classes of substitutes: day-to-day and cadre. Day-to-day substitutes – 92% of all 

substitutes on the roster – earn $165 for a 6.5-hour workday and do not earn benefits. They face 

no minimum requirements for how much they work and are free to fulfill any request on any day 

up until the time it starts. Principals directly hire cadre substitutes – the remaining 8% of the 

substitute roster – at specific schools to cover teacher absences. Cadres earn $186 a day, are 

eligible for benefits, and generally take on a floating teacher role for the school. Cadres must be 

available to work every day of the school year and must accept any assignment they are given. 
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 Substitute requests in CPS are made and fulfilled using an absence management platform 

developed by Frontline Education, an administration software company. Teachers accrue one 

sick day per month and three personal days per school year. Sick days are the most common type 

of absence, making up 48% of requests from teachers. When teachers are going to be absent, 

they or a school administrator enter the expected absence or position vacancy into Frontline. 

Substitutes can then view absences that need coverage and elect to take jobs by selecting them in 

the Frontline platform. The platform allows users to have certain jobs or substitutes appear first 

and to create alerts for jobs at preferred schools or classrooms. Entries in Frontline are highly 

reliable because they are used to populate substitute payroll. While schools might contact 

favored substitutes outside of the system to notify them of an opening, all jobs must be entered 

within the system for substitutes to be paid. 

 Many substitute teachers in CPS do not choose to work every day. Figure 2 depicts trends 

in total substitute requests made, requests filled, and the total number of allowable days CPS 

substitutes could work between 2013-14 and 2018-19. This figure captures the gradual growth 

and stability of substitute teacher supply over time. It also illustrates that if every active 

substitute in CPS worked their maximum allowable days, they would more than cover the rising 

demand for substitutes.  

CPS experiences large inequities in substitute coverage across schools. In 2017-18, 

school average fill rates across the district ranged from as low as 14% to as high as 100%. These 

gaps are relatively stable over time and are not a function of differential rates of substitute 

demand. In fact, the typical school in the bottom quintile of fill rates submits less than two thirds 

the number of requests, on average, as the typical school in the top quintile. Inequities in 
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coverage are likely a symptom of long-standing neighborhood segregation by race and income in 

Chicago, which has contributed to differences in school quality (Spirou and Bennett 2016).  

2.3 Intervention 

 In the 2018-19 school year, we worked in collaboration with CPS to develop a targeted 

pay program for substitutes at schools facing the most acute shortages. CPS selected the 75 

schools with the lowest historical coverage rates into the incentive program using a weighted 

average of 2014-15 to 2017-18 school year request fill rates, shown in Figure 3.8 All schools 

selected for the incentive pay fully participated in the program. CPS divided these incentive 

schools into three tiers of 25 and assigned pay stipends of $30, $35, or $40, according to the 

severity of historical need, with the lowest coverage rates receiving the highest stipend. Relative 

to day-to-day substitutes’ daily pay – $165 – stipends represented a substantial 18% to 24% 

increase in wages.9 Substitutes earned the stipend on top of their base pay for each day worked at 

an incentive school and earned only their base pay at all other schools. The district advertised the 

incentive pay program repeatedly to substitutes via email, on the Frontline platform, and during a 

training session prior to the start of the school year. Individual substitute requests made by 

incentive schools were labeled as “Tier 1,” “Tier 2,” or “Tier 3” in the Frontline system. 

Substitute fill rates also vary considerably throughout the school year in Chicago as 

shown in Figure 4. CPS offered an additional stipend at incentive schools on 12 high-demand 

days to address elevated shortages on the Mondays and Fridays between May 3rd through June 

17th in the spring of the 2018-19 school year (highlighted in Figure 4).10 For these days, the 

                                                 
8 The 2017-18 school year was weighted 75% and the average fill rate across 2014-15, 2015-16, and 2016-17 school 

years was weighted 25%. 
9 School-based cadre substitutes were not eligible for the bonuses. 
10 The Friday before Memorial Day (5/24/2019) and Memorial Day (5/27/2019) were excluded from the additional 

“high-demand” day incentives. 
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district paid total stipends of $40, $50, or $60 dollars, across the three tiers of treated schools. 

These “high-demand” days made up 32% of school days in May, 40% of school days in June, 

and 7% of the school year. CPS advertised augmented, high-demand stipend days in district-

wide emails to substitutes shortly before the relevant days. These days with differential stipends 

were not indicated in a specific way on the Frontline platform. 

In Table 1, we provide school-level average characteristics for the district as well as for 

incentive schools and non-incentive schools in the year prior to the bonus pay program (2017-

18). Substitutes filled 47% of incentive schools’ job requests, on average, relative to 82% in the 

433 non-incentive schools. The typical incentive school served substantially larger proportions of 

Black (78.5% vs. 40.6%) and FRPL-eligible (86.9% vs. 75.6%) students relative to non-incentive 

schools. As shown in Figure 3, most initial incentive schools (72%) were highly segregated, 

serving almost exclusively Black students (>85%). Incentive schools were rated meaningfully 

lower than non-incentive schools, on average, on the district school quality rating scale (3.1 vs. 

3.7 on a scale of 1 to 5).11 Students in incentive schools scored substantially lower on state tests, 

with an average difference of over 0.50 standard deviations. The typical incentive school was 

also more likely to serve elementary and middle grades, with only 2 of the 75 treated schools 

serving high school students. Violent crime rates were also more than twice as high in incentive 

schools’ neighborhoods as non-incentive schools’ neighborhoods. 

For the 2019-20 school year, CPS extended treatment to an additional 50 schools for a 

total of 125 incentive schools. CPS also raised and simplified the stipend structure to be a $45 

bonus across all treated schools on all days – a 27% wage premium. The initial 75 treated 

                                                 
11 The School Quality Ratings range from 1 to 5 and are comprised of several measures including school-average 

test score growth on standardized assessments and national school attainment percentile, average student daily 

attendance, and environmental survey ratings. In 2017-18 average school was rated 3.6 and the school-level standard 

deviation was 0.7. 
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schools were grandfathered into treatment in 2019-20. CPS selected additional schools using an 

updated weighted average of historical fill rates which included the 2018-19 school year. The use 

of two sorting variables across the two selection processes determined treatment status by two 

distinct thresholds.12 We visually present how schools were sorted into treatment across these 

two thresholds in Appendix B Figure B.1. Conceptually, this new cutoff constitutes an extension 

of treatment to schools with less-severe historical need than the initial 75 schools.  

2.4 Data 

Administrative Records. We leverage detailed substitute request data from the Frontline 

platform combined with district administrative data. We observe requests from the 2013-14 

school year through March 16, 2020 when CPS closed school buildings due to the COVID-19 

pandemic. We link substitute request records for this panel to teacher, substitute, student, and 

school characteristics using administrative rosters and publicly available district data. Teacher 

and substitute records include demographics, hire date, job title, and residential address. School 

data include student body demographics, total enrollment, and school quality ratings. Student-

level data include achievement on all state- and district-mandated tests, demographics, and 

attendance as a percent of each school year. State and district standardized test scores are not 

available in the second year of the intervention (2019-20) because of COVID-19-induced school 

closures. 

Substitute Surveys. CPS administered an anonymous survey to capture qualitative 

information about substitutes’ behaviors and perceptions of the incentive intervention. 

Substitutes received this survey in the fall of 2019, the beginning of the second year of the 

targeted bonus pay program. The survey was sent to all substitutes via their CPS email accounts 

                                                 
12 The new weighted average placed 75% of the weight on fill rates from 2018-19 and 25% of the weight on the 

average fill rate across 2015-16, 2016-17, 2017-18 school years. 
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and consisted of a mix of Likert-scale, multiple choice, and open response items. Questions 

covered topics such as capacity to work more, motivation for working as a substitute, reasons for 

not wanting to work at certain schools, and what administrative supports improve their work 

experiences. Forty percent of active substitutes responded to the survey. We integrate results 

from substitutes’ survey responses throughout the paper to provide further context for 

interpreting our findings. 

2.5 Substitute Supply Outcomes 

Our primary outcomes relate to the nature of substitute labor supply at schools. Our focal 

outcome of interest is the percent of substitute requests filled at a school in a school year. We 

explore the mechanisms of any effects on fill rates by examining the number of unique 

substitutes who work at a school in a year and the average number of days a substitute works at a 

school. The number of substitutes that work at a school approximates the school-specific 

extensive margin of substitute labor supply, while the average number of days substitutes work 

at a school approximates the school-specific intensive margin.  

We explore potential heterogeneity in responsiveness to incentive pay across a range of 

substitute characteristics. First, we disaggregate the number of substitutes at a school into five 

mutually exclusive and exhaustive groups based on their prior-year work history. These groups 

include substitutes who: 1) had worked at incentive schools only, 2) had worked at comparison 

schools only, 3) had worked at both incentive and comparison schools, 4) were new to the 

district, or 5) were “lapsed” substitutes who did not fill a request in the prior year. We also 

decompose overall effects on the number of unique substitutes by substitute race as well as 
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estimated commute time to a school.13 We disaggregate the number of unique substitutes at a 

school in a year by whether they commuted 10 minutes or less, between 10 and 20 minutes, or 

more than 20 minutes to explore the localness of the response to incentives.14 These measures 

allow us to examine which substitute teachers were most responsive to incentive pay. 

2.6 School-Wide Teacher and Student Outcomes 

We also examine a set of school-wide outcomes to explore the effect of the substitute 

bonus pay program on teacher attendance and retention as well as student academic achievement. 

We first examine whether the substitute bonus pay program affected average teacher absences in 

a school. Second, we construct a binary measure of teacher retention (whether a teacher returned 

to their school the following year) as an indirect measure of the policy’s effect on teachers. We 

then disaggregate the converse of this measure (teacher turnover) into two mutually exclusive 

and exhaustive indicators for whether teachers transferred to another school in CPS and whether 

teachers exited the district.  

We test whether incentives have indirect effects on student achievement in math and 

English language arts (ELA). Our achievement measures leverage a wide range of assessments to 

create an indexed subject score for each student, standardized by grade and year. Tests include 

the Measures of Academic Progress (MAP), Partnership for Assessment of Readiness for 

College and Careers (PARCC), Illinois Assessment of Readiness (IAR), Preliminary SAT 

(PSAT), and SAT assessments. All of these tests are mandatory in the district, with participation 

                                                 
13 We were able to geocode just under 80% of commutes for filled requests over the 2016-17 through 2019-20 

school years. We calculated the driving commute time under normal traffic conditions from a substitute’s address to 

the school (Weber and Péclat 2017). 
14 We selected these commute time thresholds for their heuristic relevance. In 2017-18, 29 percent of observed 

commutes were 10 minutes or less, 36 percent were between 10 and 20 minutes, and 35 percent were more than 20 

minutes. 
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rates between 95% and 99%. Together, we observe scores for 75% of all students in CPS schools 

in 2018-19 and 95% of all students in grades 3 through 8.  

3. Econometric Methods 

 The treatment-sorting process described above introduced a discrete treatment cutoff that 

we leverage to estimate the causal effects of incentive pay using a sharp regression discontinuity 

(RD) design (Calonico et al. 2017; Imbens and Lemieux 2008; Lee and Lemieux 2010; Cattaneo 

and Titiunik 2022). This design isolates the effect of the incentive pay for those schools at the 

margin of receiving treatment. The key identifying assumption is that it was impossible for 

schools to manipulate their historical fill rates to qualify for the incentive program. Conceptually, 

this assumption implies that schools near the program eligibility cutoff are comparable in all 

aspects except for their treatment status (Cattaneo, Idrobo, and Titiunik 2019). This assumption 

clearly holds in our case where the CPS central office developed the targeted incentive pay 

program without schools’ knowledge and used historical data on fill rates collected in the 

Frontline data portal that schools could not manipulate retrospectively. Schools were also not 

aware of the weighting formula the district used to calculate historical fill rates or the exact 

cutoff used to determine eligibility.  

We include a standard set of tests in Appendix A to affirm the validity of our RD design. 

These include documenting that a range of school characteristics are smooth functions across the 

treatment threshold and testing for covariate balance. We also examine the density of the sorting 

variable across the treatment threshold and again find a smooth distribution. A nonparametric 

manipulation test (Cattaneo, Jansson, and Ma 2020) fails to reject the null, with a p-value of 

0.18.   
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For a given school-level outcome, we fit a simple local linear regression model within a 

fixed bandwidth around the treatment cutoff as follows: 

 

𝑌𝑠 =  𝛼 + 𝛽𝑇𝑅𝐸𝐴𝑇𝐸𝐷𝑠 + 𝑓(𝐻𝐹𝑅𝑠) +  𝛿𝑋𝑠 + 𝛾𝑔 +  𝜀𝑠        (1) 

 

The outcome, 𝑌𝑠, is a school-level measure such as the percent of requests filled by substitutes at 

school s. Our primary independent variables are school-level indicators of treatment status, the 

continuous historical fill rate forcing variable 𝐻𝐹𝑅𝑠 that CPS used to sort schools into treatment, 

and their interaction to allow for the slope of 𝐻𝐹𝑅𝑠 to differ on each side of the cutoff. We also 

include fixed effects for grade ranges (elementary, middle, high), 𝛾𝑔 given the large 

concentration of elementary schools among treated schools. We use a uniform kernel weighting 

function and a bandwidth of +/- 0.12 across all models to allow for a common analytic sample 

across outcomes, selecting the largest optimal bandwidth among our set of primary outcomes 

following Calonico et al. (2017).15 For school-level outcomes, we estimate heteroskedasticity-

robust standard errors. We adapt equation (1) to model teacher- and student-level outcomes 

where teachers and students are nested within schools and cluster our standard errors at the 

school level. We further test the robustness of our modeling decisions by applying a range of 

alternative bandwidths, functional forms, and kernel weights. Results from these analyses shown 

in Appendix A suggest that our findings are consistent across alternative modeling 

specifications. 

                                                 
15 We privilege a uniform kernel over other weighting approaches that place higher weight on observations closer to 

the cutoff because of the highly segregated nature of schools in CPS, which causes the racial composition of 

students to vary widely across individual schools. Estimates using a triangular kernel reported in Appendix Tables 

A4 and A7 show our overall findings are not sensitive to the choice of weighting functions.  



 19 

For all outcomes, we present unconditional models as well as models that include 

covariates intended to increase the precision of our estimates (Calonico et al. 2019). Covariates 

include a school-level vector of controls, 𝑋𝑠, for student body racial composition, FRPL-

eligibility, special education status, English language-learner status, total enrollment, and school-

level lagged achievement in math and ELA. For teacher-level outcomes, we complement this 

school-level vector with a vector of teacher characteristics that includes indicators for teacher 

race, gender, and tenure (3-5, 6-10, 11-20, and 21+ years working in the district). For student-

level outcomes, we replace this teacher-level vector with a student-level vector that includes 

indicators for student race, FRPL-eligibility, special education status, English language-learner 

status, grade, and a cubic of the lagged outcome.  

 We estimate treatment effects separately for the first and second years of the incentive 

pay program given the change in the local margin of treatment. For the 2019-20 school year, we 

focus on the treatment effect at the 125th school cutoff by excluding the original 75 schools 

sorted into treatment in 2018-19 from our analytic sample. We also report estimates at the 

original 75th school cutoff in Appendix B for completeness. Estimating effects in an RD 

framework at both thresholds is possible because CPS used an updated running variable in the 

second year that re-sorted schools and created a two-dimensional treatment discontinuity as 

illustrated in Appendix B Figure B.1. We again include the standard set of RD robustness checks 

for the 125th-school cutoff using our second year of data in Appendix A, all of which confirm the 

validity of the core design assumptions.  

One potential concern with targeted incentive programs is that they have the potential to 

cause negative spillover effects on non-treated units (Card and Giuliano 2016; Kho et al. 2019; 

Cabrera and Webbink 2020; Pugatch and Schroeder 2018). To better understand the threat that 
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negative spillover would pose to our research design, it is helpful to conceptualize our RD 

estimates as the results of a localized randomization design (Cattaneo, Titiunik, and Vazquez-

Bare 2017). Any negative spillovers of the targeted incentives on non-incentive schools would 

violate the Stable Unit Treatment Value Assumption (SUTVA) of experimental designs which 

assumes that the treatment effect for each unit is independent of the effect of treatment on other 

units. Schools that were not eligible for incentive pay might have experienced a spillover effect 

due to substitutes reallocating their labor to jobs in incentivized schools. If this were the case, we 

might expect that our RD estimates overstate the positive effect of treatment on incentive schools 

because this discontinuity captures both an increase in fill rates for incentive schools and a 

decrease in fill rates for non-incentive schools.  

We conduct a series of descriptive bounding exercises and formal robustness tests to 

assess the degree to which our RD estimates are possibly inflated by negative spillover. The 

results of these tests, which we describe below, confirm that any negative spillover effects are at 

most very minimal in our context. Although the targeted bonus did incentivize a subset of 

substitutes to shift more of their labor to the incentive schools, negative spillover effects were 

largely offset by a district-wide increase in substitute labor supply on the intensive margin. This 

was possible because most substitutes do not work to their full potential number of days.  

4. Findings 

4.1 Effects on Substitute Labor Supply  

 We find that the targeted bonus pay program substantially increased substitute fill rates. 

We present our empirical estimates in Table 2 Panel A and a visualization of the discontinuity in 

Figure 5. Visual evidence from Figure 5 illustrates a large jump in fill rates among incentive 

schools. The figure also depicts a relatively smooth linear trend in fill rates among non-incentive 
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schools ruling out any concentrated negative spillover effects for those schools just below the 

assignment cutoff. In our preferred model with covariates, the treatment effect of the targeted 

incentives among schools just over the treatment cutoff is a 23 percentage-point increase in 

substitute request fill rates. This amounts to a 1.4 standard deviation increase in the distribution 

of school-level fill rates across CPS schools in 2017-18, a move from the 6th percentile to the 28th 

percentile of the empirical distribution, or nearly a 50% increase in the pre-treatment average of 

treated schools. 

Our daily records on substitute requests allow us to explore the dynamic nature of the 

treatment over the course of the academic year. Treatment effects averaged across the 2018-19 

academic year may mask important heterogeneity in substitutes’ responses to incentives and 

experiences working in treated schools if, for example, the targeted bonuses increased substitutes 

willingness to try working in incentive schools early in the fall but their experiences made them 

unwilling to return. In Figure 6, we present estimated treatment effects on substitute request fill 

rates separately by month. Large effects emerge in November (September and October have a 

low volume of requests and generally higher fill rates) and are sustained across the school year 

with a spike in June possibly due to the concentration of additional high-demand day incentives. 

Further, fill rates for just high-demand days in May and June produce a 28 percentage-point 

increase in coverage (p<0.000), suggesting the additional day-specific stipends increased 

coverage by another 5 percentage points.  

We find strong evidence that these higher fill rates across the school year were driven by 

increased labor supply of substitute teachers on the school-specific extensive margin. As shown 

in Table 2 Panel A, we estimate that treatment increased the number of unique substitutes at a 

treated school across the academic year by 13 individuals in our preferred model, relative to 
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schools with similar histories of unmet need for substitutes – a 26% increase from the pre-

treatment average of 50. We find no effects on the school-specific intensive margin of 

substitutes’ labor supply in 2018-19. Estimates for effects on the average number of days 

substitutes worked at given school are positive, but small and not statistically significant. See 

Appendix B for corresponding regression discontinuity plots of these analyses and all other 

outcomes. 

4.2 Heterogeneous Responses Across Substitutes  

Disaggregating the unique substitutes at each school in 2018-19 by where they worked in 

2017-18, we find the increase in the number of substitutes was primarily driven by those who 

had prior experience working in incentive schools but did not exclusively work in these schools. 

As shown in Table 2 Panel B, the number of substitutes with all other work histories appear 

unchanged by incentives. Our survey results echo this heterogeneity, with 43% of respondents 

saying they were “not at all” or only “slightly” interested in taking a job at an incentive school 

despite the bonus pay. Half of all survey respondents also reported that they refuse to work in at 

least one school in the district based on prior experiences. Bonus pay appears to have attracted 

substitutes to incentive schools who were already willing to work in similar schools, but was less 

enticing to new substitutes and those who had not recently worked in incentive schools. 

We also observe heterogenous responsiveness to incentives by substitute proximity to a 

given school. In Panel A of Table 3, we present our treatment effect estimates for substitutes 

living within different commuting times of a school. We find no effect on the number of 

substitutes commuting 10 minutes or less, a significant increase of 8 substitutes commuting 

between 10 and 20 minutes, and an increase of 5 individuals commuting more than 20 minutes. 

Comparing the pre-treatment means presented in Table 3, this change in substitutes commuting 
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10 to 20 minutes is equivalent to a 43% increase. This suggests the incentives were most 

effective for substitutes who already lived within a convenient, but not immediate, distance from 

a school and to a lesser degree those substitutes that had longer commutes. 

Lastly, we examine heterogeneity in substitute responsiveness by race and gender. We 

report effects for the number of unique substitutes at a school in a year for the four largest racial 

groups and by gender in Panel B of Table 3. Focusing on estimates from our controlled models, 

we find that only Black and Hispanic substitutes were responsive to the targeted bonus to work 

in incentive schools, which serve almost exclusively Black and Hispanic students. The number 

of Black substitutes at incentive schools increased by 10, a 33% increase compared to the prior 

year average. The number of Hispanic substitutes increased by more than 2, a 57% increase. 

White substitutes were, on average, unresponsive to the incentives even though they constitute 

the largest racial group of substitutes in the district (42%). We also find that women were more 

responsive to the incentives than men. The increase in unique substitutes who are women – who 

constituted 74% of substitutes at the average treated school in 2017-18 – accounts for 90% of the 

entire treatment effect increase of 13 individuals. We find only a small and insignificant increase 

in the number of men substituting at incentive schools. 

4.3 Effects on Teacher and Student Outcomes  

 In Table 4, we present our estimated treatment effects at the cutoff for teacher outcomes 

and student achievement. We find positive but insignificant point estimates for teacher retention 

of 4 and 2 percentage points in our unconditional and conditional models, respectively. 

Disaggregating teacher turnover into transfers and district exits, we find that point estimates for 

retention appears to be driven by a reduction in teacher transfers across schools rather than exits 



 24 

from the district. We also estimate a positive but insignificant increase in the number of days 

teachers are absent by 1.5 days.  

At the student-level, we find consistently positive estimates for effects on student 

achievement in both math and ELA of similar magnitude. We estimate the targeted incentive 

program increased average student achievement in ELA by a statistically significant 0.05 

standard deviations. This estimate is uniformly larger (0.05 to 0.11) and significant across 

models using a triangular kernel, alternative bandwidths, and polynomial specifications 

(Appendix Tables A2 and A8). Estimates for effects on math achievement from our controlled 

model are also 0.05 standard deviations but do not achieve statistical significance. Including our 

vector of covariates and lagged achievement measures substantially improves our precision 

while leaving the effect magnitude largely unchanged. These effects are small in absolute 

magnitude but meaningful given that this is an average effect for all students in a school. This 

represents a 0.10 standard deviation increase in the distribution of school-level average 

achievement.16  

Putting these estimates in context with other studies helps to highlight how uncovered 

teacher absences are particularly detrimental to student achievement. Teachers in the incentive 

schools were absent an average of 11.4 times per year in 2018-19, suggesting that the 

intervention caused students to have roughly three additional days of teacher absences covered 

by a substitute. Prior studies of the effect of teacher absences when substitutes are present find 

that 10 days of covered teacher absences lowers student achievement by roughly 0.01 to 0.03 

standard deviations (Benhenda 2022; Clotfelter, Ladd, and Vigdor 2009; Herrmann and Rockoff 

2012; Miller, Murnane, and Willett 2008). These studies also find evidence that substitute quality 

                                                 
16 The standard deviation of school-level average achievement in our panel is 0.52 in math and 0.50 in ELA. 
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matters suggesting that the effects we find are larger because they might operate both on the 

extensive margin of securing a substitute (and thereby avoiding the negative consequences of 

uncovered absences) as well as the intensive margin of attracting higher-quality substitutes.  

4.4 Second Year Program Impacts 

Overall, we find that the incentive pay program had largely similar effects in terms of 

both magnitude and mechanisms across both years despite the different margins at which we 

estimate treatment effects. As reported in Table 5 and shown in Figure 7, we find a 21 

percentage-point increase in fill rates in 2019-20. Figure 7 illustrates a relatively smooth linear 

trend in fill rates among non-incentive schools suggesting that there were no concentrated 

negative spillover effects for those schools just below this new threshold. We also show that this 

improved coverage for the newly added cohort of 50 schools in the second year of the program 

did not come at the cost of dampened incentive effects amongst the initial 75 treated schools 

(Appendix B Table B.1).17  

We again find large effects on the number of unique substitutes, and a small, insignificant 

negative effect on the number of days substitutes work suggesting that increases in coverage 

were again driven by more substitutes working in a school, on average. Our heterogeneity 

analyses according to where substitutes worked in the year prior again suggest that substitutes 

who worked at both treated and comparison schools were the most responsive to incentives. 

Encouragingly, we also find a statistically significant increase in the number of lapsed substitutes 

of 2.28 who did not work the prior year. We present heterogeneity analysis by substitute 

                                                 
17 For results at the 75th-school cutoff for our substitute heterogeneity outcomes and teacher-level outcomes, see 

Appendix B Tables B.2 and B.3, respectively. Month-level fill rate estimates are shown in Figure B.24. We present 

visual results of raw discontinuities in Appendix B Figures B.25 through B.41.  
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commute, race, and gender and our teacher-level outcomes in Tables 6 and 7, respectively. These 

results also echo the patterns found for the first treated cohort.  

We find no effects on teacher retention in the second year although these estimates based 

on end-of-year outcomes are likely less generalizable given the context of the COVID-19 

pandemic and move to emergency remote teaching in the spring of 2020. The estimated 

magnitude of effects on teacher absences become larger in the second year, suggesting that 

teachers were absent 3.5 more days, on average, because of the substitute incentive pay program. 

The increased substitute coverage from the intervention might have made teachers less reticent 

about being absent knowing that their colleagues would be less likely to bear the burden. Further 

analyses reveal that this increase is driven almost entirely by an increase in absences for 

professional development rather than absences for sick leave or personal days (see Appendix B 

Table B.4). It appears the increase in substitute coverage allowed teachers in incentive schools to 

be more willing and able to engage in professional learning. 

4.5 Negative Spillover Effects 

Both descriptive evidence and empirical tests confirm that the large positive treatment 

effects we find are not driven by negative spillover effects. To start, visual evidence from 

Figures 5 and 7 is inconsistent any concentrated spillover effects at the treatment discontinuity. 

The rate of unfilled absences among non-incentive schools is a steady, continuous line all the 

way up to the incentive cutoff. Thus, any potential spillover effects would be diluted across the 

much larger sample of control schools given there are more than five times as many control 

schools as incentive schools.  

A simple bounding exercise suggests that negative spillover effects account for at most a 

small fraction of our overall RD treatment estimates. To show this, we present a time series of 
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fill rates for the entire district and for treatment and control schools separately in Figure 8. 

Between 2017-18 and 2018-19, the aggregate, district-wide substitute coverage rate declined 

from 79.9% to 73.6%, a decline entirely driven by an increase in total substitute requests (see 

Figure 2). This captures a district-wide secular decline that would be unaffected by any shifts in 

substitute labor supply from non-incentive to incentive schools. Despite this district-wide 

decline, the aggregate fill rate for the original 75 incentive schools increased by 14.6 percentage 

points between 2017-18 and 2018-19. This establishes a lower bound for our treatment effects 

under the implausible assumption that incentive schools did not experience a secular decline in 

fill rates during the year of the intervention. If anything, any secular decline was likely to be 

concentrated in these schools with historically low substitute fill rates. Historical patterns show 

larger drops in substitute coverage for schools with persistently low fill rates compared to 

schools with persistently high fill rates. If we assume that incentive schools experienced even an 

average secular decline in fill rates of 6.3 percentage points, then the treatment resulted in a net 

positive effect of 20.9 percentage points (14.6 + 6.3), very close to the entire estimated effect 

from our preferred models.  

Data on the raw aggregate number of days worked by substitute teachers helps to 

illustrate why negative spillover effects were minimal in this context. Substitutes worked a total 

of 286,232 days in 2017-18, only 7.5% of which were in incentive schools. The number of 

substitute days worked in incentive schools rose from 21,538 in 2017-18 to 36,306 in 2018-19, a 

69% increase. This increase in labor supplied to incentive schools was possible, in part, because 

CPS substitutes’ total labor supply also increased in 2018-19 to 293,588 days. The large number 

of non-incentive schools also served to minimize negative spillover such that the total labor 

supply in non-incentive schools fell by only 2.8%, from 264,694 to 257,282 days. 
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We next conduct more formal robustness tests where we remove sets of non-incentive 

schools most likely to be susceptible to negative spillover effects and re-estimate our RD models. 

These results further demonstrate that our estimates are not driven by negative spillover effects. 

We construct two proxy measures for the degree to which schools are likely to be affected by 

negative spillovers. The first measure is the percentage of substitute teachers at a school who 

taught in both incentive and control schools in the year prior to the targeted incentive pay 

program. As we describe in our findings above, substitute teachers who had previously worked 

in both incentive and non-incentive schools were more responsive to the targeted bonus, leaving 

the non-incentive schools with larger proportions of these substitutes susceptible to losing more 

coverage. The second measure is a count of the number of incentive schools within a three-mile 

radius of a given non-incentive school, which reflects the intensity of the local market 

competition for substitute labor.18 This captures the ease with which substitutes could shift their 

labor away from a non-incentive school to an incentive school without meaningfully increasing 

their commute time. 

We then re-estimate our RD models, omitting non-incentive schools in either the top 

quarter or upper half of the distributions of these sensitivity-to-spillover proxies. This allows us 

to estimate the counterfactual projection of the fill rates for treatment schools close the cutoff 

without including comparison schools most likely to suffer from potential negative spillover 

effects. Estimates across our models shown in Table 8 range between 20 to 24 percentage points, 

strikingly similar to our preferred estimate of 23 percentage points. We replicate these robustness 

tests for the second year and again find our results are largely unchanged with estimates ranging 

between 18 to 25 percentage points (Appendix B Table B.5).  

                                                 
18 The number of incentive schools within a 3-mile radius ranges from 0 to 41, with a median of 7. Estimates based 

on a 5-mile radius produce extremely similar results.  
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5. Extensions 

5.1 Equity Implications 

 Inequities in substitute coverage across schools in CPS motivated the design of the 

incentive pay program. The large increase in fill rates at schools with historically low substitute 

coverage caused by the targeted incentives redistributed the burden of unfilled teacher absences 

more equitably across schools. We quantify this equity-enhancing effect by plotting Lorenz 

curves of the cumulative density of total unfilled substitute requests across schools sorted by the 

historical fill rate forcing variable from our RD analysis in Figure 9. The 75 schools in the first 

cohort of the incentive program (15% of all CPS schools) accounted for 29% of the district’s 

unfilled absences, on average, across the five years prior to the reforms. This share of all unfilled 

absences dropped to 18% in the first treated year. The corresponding Gini coefficient – an equity 

indicator ranging from 0 to 1 where higher values represent greater inequity – decreased from 

0.38 to 0.24 with the introduction of the targeted incentives in 2018-19. 

5.2 Program Costs 

 The total cost of the additional stipends in 2018-19 was $1.1 million, on top of the $42 

million cost of base pay for substitutes in that year. The incentive costs represent less than 0.03% 

of the district’s total instructional expenditures and less than 0.01% of the $6 billion total 

operating budget. This translates to an average cost of $14,253 per incentive school or $34 per-

pupil in incentive schools. With the increased stipend amount and program size in 2019-20, the 

program expenses through mid-March 2020 totaled $1.7 million, $13,902 per treated school, or 

$34 per student. Per-school costs were on track to be slightly higher than the first year of the 

program if the remainder of the school year had not been shifted to emergency remote learning 

due to the COVID-19 pandemic. Overall, these per-pupil costs of the intervention are very low 
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relative to most education interventions and highly cost-effective even with a modest 0.05 

standard deviation effect on achievement (Kraft 2020). The program cost $128 per additional 

filled substitute request that the incentives generated.19 In comparison, the district spends roughly 

54% of its $6 billion dollar budget on instructional expenditures which amounts to a loss of 

$1,283 per unfilled teacher absence when no instruction occurs.20 Securing a substitute with a 

small bonus stipend makes it possible to recuperate at least a portion of this lost investment by 

making learning more likely. 

5.3. Substitute Wage Elasticities 

We leverage the variation in daily wage rates across schools (created by the targeted and 

tiered incentive pay plan) and days (created by the additional stipends for high-demand days) to 

estimate substitutes’ wage elasticity of daily labor supply for incentive schools. Using a panel of 

school-by-day-level data from 2018-19, we regress the logarithm of fill rates on the logarithm of 

wages with school and day fixed effects. We estimate substitutes’ wage elasticity of daily labor 

supply to incentive schools is 1.5, very similar to the 1.4 short-run elasticity of teacher’s annual 

labor supply estimated by Falch (2011). Extrapolating from these estimates, it would take almost 

an $80 bonus – almost half of the day-to-day substitute daily rate – to raise the 47% pre-

treatment average fill rate in the initial 75 treated schools to the 82% fill rate observed in 

comparison schools. We emphasize, however, that this elasticity estimate likely does not 

generalize to all CPS substitutes given that many were not responsive to the incentive program.  

5.4 Why Targeted Incentives Didn’t Change Some Substitutes’ Labor Supply  

                                                 
19 We estimate this cost by diving the total program cost by the estimated number of filled substitute requests the 

treatment induced. 
20 We obtain our per student per day estimate by dividing $9,138 in instructional expenditures per pupil in 2018-19 

by 178 school days. We then multiply this by 25, the average class size across all CPS, to obtain the lost investment 

per teacher absence.  
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When asked whether they would take a job at one of the 125 incentive schools in CPS in 

the fall of 2019, 23.3% of substitutes said they were not at all likely and another 19.4% were 

only slightly likely. What explains these respondents’ hesitation to work in incentive schools 

despite up to a 27% wage premium? The most common explanations substitutes indicated on our 

survey were distance (34.5%) and the neighborhood where a school was located (23.2%). 

Consistent with prior research (Gershenson 2013; Liu, Loeb, and Shi 2022), distance appears to 

be a first-order factor shaping substitutes’ labor supply. In Figure 10, we illustrate this with a 

map of the district from the 2016-17 school year. The figure shows how fill rates in CPS schools 

are systemically lower in areas of the city where fewer substitutes live. The actual and perceived 

safety of a school’s surrounding neighborhood is also likely an important factor given the 

substantially higher crime rates in the areas where incentive schools are located (see Table 1). In 

Chicago, preferences for shorter commutes and certain neighborhoods are also deeply enmeshed 

with the legacy of racial and socioeconomic segregation. This can be seen clearly by comparing 

Figure 1, which shows the geography of school segregation in CPS, with Figure 10. The schools 

that struggle most to attract substitute teachers are almost exclusively in Black or Hispanic 

neighborhoods and serve almost entirely Black or Hispanic students.  

6. Discussion and Conclusion 

 The design of wage structures and choices in the on-demand labor market have important 

consequences for whether and where daily workers supply their labor as well as for consumer 

welfare. Whether a worker chooses to join the on-demand sector depends largely on factors such 

as relative wages, job location, working conditions, schedule flexibility, and entry requirements. 

The substitute teaching profession is a large on-demand sector where wages range between $15 

to $25 an hour, demand exists nationwide in almost every community, working conditions vary 
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substantially, and barriers to entry (e.g., B.A. or A.A. degree) can be high relative to similar-

paying jobs. It is also a setting where workers have strong local preferences and daily wages are 

fixed across sizable geographic areas. As we show, this type of market design can substantially 

distort the supply of on-demand labor within metropolitan areas. Equal pay leads to dramatically 

unequal rates of substitute coverage.  

Our analysis of the substitute teacher labor market in CPS illustrates how the on-demand 

employment structure for substitutes has resulted in negative and inequitable consequences for 

schools and students. At a basic level, the uniform per-diem rate in CPS is below the market 

wage that would result in full substitute coverage for most schools. With wages fixed for all jobs 

in the district, substitutes fill requests based on their preferences across locations and working 

conditions. These features differ substantially across schools in large urban districts like CPS, 

leading to inequities in access to substitute coverage. CPS’s move towards differentiated pay 

across schools demonstrates that some substitutes have more malleable preferences and will 

change where they work in response to financial incentives. For many more substitutes, a bonus 

equivalent to a 18%-27% raise was not large enough to compensate for their differential 

preferences.  

The targeted intervention also demonstrates the important consequences of substitute 

labor supply for student performance in school. Increasing fill rates in incentive schools by 23 

percentage points resulted in an average, school-wide increase in achievement of 0.05 standard 

deviations. Uncovered teacher absences are not just an operational challenge; they have direct 

effects on students’ opportunities to learn both within the classroom of an absent teacher and also 

in other classrooms across a school. 
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We see several potential paths forward to reduce the large inequities in substitute 

coverage found in CPS and other large, urban school districts. Our study suggests differentiated 

compensation is a promising market mechanism that is also feasible from a policy perspective. 

Most substitutes are not unionized allowing districts to set wages unilaterally rather than through 

a collectively bargained process. States could also lower barriers to entry as several states have 

done by requiring only an associate’s degree or allowing student-teachers to serve as substitutes 

(Goldhaber and Payne 2022). Another alternative is investing in full-time substitute positions 

such as cadre roles where substitutes either work exclusively at one school or must accept any 

job assigned by the central office. This change could have its own supply challenges given that 

many workers in on-demand markets highly value flexible work hours (Chen et al., 2020). 

Other avenues include improving substitute training and working conditions. Substitutes 

might be willing to teach in a wider range of schools if they were better trained to foster 

classroom community and built rapport with students. Nationally, almost half of all districts do 

not provide any training whatsoever for substitute teachers (Kelly Education, n.d.). Efforts to 

equalize working conditions for substitutes across schools could also serve to reduce inequities 

in substitute coverage. Based on survey responses, substitutes are most satisfied working in 

schools where high-quality lesson plans, school maps, and schedules are provided and a staff 

member is available to answer questions that the substitute may have.  

 None of these efforts, however, would directly address the challenge presented by 

substitutes’ strong preferences for short commute times and safer neighborhoods. Until recently, 

CPS required substitutes to be college-educated workers. Because Chicago residents with college 

degrees are more likely to live in higher-income areas in the north and near south of the city, this 

requirement placed schools in low-substitute-density areas at a distinct disadvantage. These low-
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density areas reflect the stark neighborhood segregation of Chicago: schools with acutely low fill 

rates are primarily those located in historically Black and Hispanic neighborhoods. Not only do 

fewer potential substitutes live in these segregated neighborhoods, but substitutes in other 

surrounding areas may also be less willing to commute to schools in these communities because 

of the higher rates of crime. One possible solution might be to recruit a more diverse substitute 

labor workforce from these low-density areas given that Black and Hispanic substitutes appear 

most responsive to incentives for taking jobs in segregated schools serving almost entirely Black 

and Hispanic students. These efforts might be linked with “Grow Your Own” teacher pipeline 

programs aiming to increase the supply and diversity of new teachers. Ultimately, educational 

equity will likely require addressing the racial and economic segregation that is prevalent in 

many American cities such as Chicago and that underlies differential crime rates, school working 

conditions, and the supply of local substitutes.  

 



 35 

References 

 

Allon, Gad, Maxime C. Cohen, and Wichinpong Park Sinchaisri. 2018. “The Impact of 

Behavioral and Economic Drivers on Gig Economy Workers.” SSRN Scholarly Paper ID 

3274628. Rochester, NY: Social Science Research Network. 

https://doi.org/10.2139/ssrn.3274628. 

Bates, Michael, Michael Dinerstein, Andrew C. Johnston, and Isaac Sorkin. 2022. “Teacher 

Labor Market Equilibrium and Student Achievement.” SSRN Scholarly Paper. Rochester, 

NY. https://doi.org/10.2139/ssrn.4024626. 

Benhenda, Asma. 2022. “Absence, Substitutability and Productivity: Evidence from Teachers.” 

Labour Economics 76 (June): 102167. https://doi.org/10.1016/j.labeco.2022.102167. 

Biasi, Barbara, Chao Fu, and John Stromme. 2021. “Equilibrium in the Market for Public School 

Teachers: District Wage Strategies and Teacher Comparative Advantage.” Working 

Paper. Working Paper Series. National Bureau of Economic Research. 

https://doi.org/10.3386/w28530. 

Blad, Evie. 2022. “Schools Are Desperate for Substitutes and Getting Creative.” Education 

Week, January 20, 2022, sec. School & District Management. 

https://www.edweek.org/leadership/schools-are-desperate-for-substitutes-and-getting-

creative/2022/01. 

Bobba, Matteo, Tim Ederer, Gianmarco Leon-Ciliotta, Christopher Neilson, and Marco G. 

Nieddu. 2021. “Teacher Compensation and Structural Inequality: Evidence from 

Centralized Teacher School Choice in Peru.” Working Paper. Working Paper Series. 

National Bureau of Economic Research. https://doi.org/10.3386/w29068. 

Boyd, Donald, Hamilton Lankford, Susanna Loeb, Matthew Ronfeldt, and Jim Wyckoff. 2011. 

“The Role of Teacher Quality in Retention and Hiring: Using Applications to Transfer to 

Uncover Preferences of Teachers and Schools.” Journal of Policy Analysis and 

Management 30 (1): 88–110. https://doi.org/10.1002/pam.20545. 

Boyd, Donald, Hamilton Lankford, Susanna Loeb, and James Wyckoff. 2005. “Explaining the 

Short Careers of High-Achieving Teachers in Schools with Low-Performing Students.” 

American Economic Review 95 (2): 166–71. 

https://doi.org/10.1257/000282805774669628. 

———. 2013. “Analyzing the Determinants of the Matching of Public School Teachers to Jobs: 

Disentangling the Preferences of Teachers and Employers.” Journal of Labor Economics 

31 (1): 83–117. https://doi.org/10.1086/666725. 

Bueno, Carycruz, and Tim R. Sass. 2018. “The Effects of Differential Pay on Teacher 

Recruitment and Retention.” SSRN Scholarly Paper ID 3296427. Rochester, NY: Social 

Science Research Network. https://doi.org/10.2139/ssrn.3296427. 

Bureau of Labor Statistics, U.S. Department of Labor. 2018a. “Substitute Teachers.” 

Occupational Employment and Wage Statistics. 2018. 

https://www.bls.gov/oes/2018/may/oes253098.htm. 

———. 2018b. “Taxi Drivers, Ride-Hailing Drivers, and Chauffeurs : Occupational Outlook 

Handbook: : U.S. Bureau of Labor Statistics.” Occupation Outlook Handbook. 2018. 

https://www.bls.gov/ooh/transportation-and-material-moving/taxi-drivers-and-

chauffeurs.htm. 



 36 

Cabrera, José María, and Dinand Webbink. 2020. “Do Higher Salaries Yield Better Teachers and 

Better Student Outcomes?” Journal of Human Resources 55 (4): 1222–57. 

https://doi.org/10.3368/jhr.55.4.0717-8911R3. 

Calonico, Sebastian, Matias D Cattaneo, and Max H Farrell. 2020. “Optimal Bandwidth Choice 

for Robust Bias-Corrected Inference in Regression Discontinuity Designs.” The 

Econometrics Journal 23 (2): 192–210. https://doi.org/10.1093/ectj/utz022. 

Calonico, Sebastian, Matias D. Cattaneo, Max H. Farrell, and Rocío Titiunik. 2017. “Rdrobust: 

Software for Regression-Discontinuity Designs.” The Stata Journal 17 (2): 372–404. 

https://doi.org/10.1177/1536867X1701700208. 

———. 2019. “Regression Discontinuity Designs Using Covariates.” The Review of Economics 

and Statistics 101 (3): 442–51. https://doi.org/10.1162/rest_a_00760. 

Calonico, Sebastian, Matias D. Cattaneo, and Rocío Titiunik. 2015. “Optimal Data-Driven 

Regression Discontinuity Plots.” Journal of the American Statistical Association 110 

(512): 1753–69. https://doi.org/10.1080/01621459.2015.1017578. 

Camerer, Colin, Linda Babcock, George Loewenstein, and Richard Thaler. 1997. “Labor Supply 

of New York City Cabdrivers: One Day at a Time*.” The Quarterly Journal of 

Economics 112 (2): 407–41. https://doi.org/10.1162/003355397555244. 

Card, David, and Laura Giuliano. 2016. “Can Tracking Raise the Test Scores of High-Ability 

Minority Students?” American Economic Review 106 (10): 2783–2816. 

https://doi.org/10.1257/aer.20150484. 

Cattaneo, Matias D., Nicolás Idrobo, and Rocío Titiunik. 2019. “A Practical Introduction to 

Regression Discontinuity Designs: Foundations.” Elements in Quantitative and 

Computational Methods for the Social Sciences, November. 

https://doi.org/10.1017/9781108684606. 

Cattaneo, Matias D., Michael Jansson, and Xinwei Ma. 2018. “Manipulation Testing Based on 

Density Discontinuity.” The Stata Journal 18 (1): 234–61. 

https://doi.org/10.1177/1536867X1801800115. 

———. 2020. “Simple Local Polynomial Density Estimators.” Journal of the American 

Statistical Association 115 (531): 1449–55. 

https://doi.org/10.1080/01621459.2019.1635480. 

Cattaneo, Matias D., and Rocío Titiunik. 2022. “Regression Discontinuity Designs.” Annual 

Review of Economics 14 (1): 821–51. https://doi.org/10.1146/annurev-economics-

051520-021409. 

Cattaneo, Matias D., Rocío Titiunik, and Gonzalo Vazquez-Bare. 2017. “Comparing Inference 

Approaches for RD Designs: A Reexamination of the Effect of Head Start on Child 

Mortality.” Journal of Policy Analysis and Management 36 (3): 643–81. 

https://doi.org/10.1002/pam.21985. 

Chen, Kuan-Ming, Claire Ding, John A. List, and Magne Mogstad. 2020. “Reservation Wages 

and Workers’ Valuation of Job Flexibility: Evidence from a Natural Field Experiment.” 

27807. NBER Working Papers. NBER Working Papers. National Bureau of Economic 

Research, Inc. https://ideas.repec.org/p/nbr/nberwo/27807.html. 

Chen, M. Keith, and Michael Sheldon. 2015. “Dynamic Pricing in a Labor Market: Surge Pricing 

and Flexible Work on the Uber Platform.” Mimeo: UCLA. 

https://www.anderson.ucla.edu/faculty_pages/keith.chen/papers/SurgeAndFlexibleWork_

WorkingPaper.pdf. 



 37 

Clotfelter, Charles T., Elizabeth Glennie, Helen Ladd, and Jacob Vigdor. 2008. “Would Higher 

Salaries Keep Teachers in High-Poverty Schools? Evidence from a Policy Intervention in 

North Carolina.” Journal of Public Economics 92 (5–6): 1352–70. 

https://doi.org/10.1016/j.jpubeco.2007.07.003. 

Clotfelter, Charles T., Helen F. Ladd, and Jacob L. Vigdor. 2009. “Are Teacher Absences Worth 

Worrying About in the United States?” Education Finance and Policy 4 (2): 115–49. 

———. 2011. “Teacher Mobility, School Segregation, and Pay-Based Policies to Level the 

Playing Field.” Education Finance and Policy 6 (3): 399–438. 

Curriculum Management Solutions, Inc. 2020. “A Curriculum Audit of the Columbus City 

Schools.” 

https://www.ccsoh.us/Page/http%3A%2F%2Fwww.ccsoh.us%2Fsite%2Fdefault.aspx%3

FPageID%3D8044. 

Ewing, Eve L. 2018. Ghosts in the Schoolyard: Racism and School Closings on Chicago’s South 

Side. Chicago: The University of Chicago Press. 

Falch, Torberg. 2010. “The Elasticity of Labor Supply at the Establishment Level.” Journal of 

Labor Economics 28 (2): 237–66. https://doi.org/10.1086/649905. 

———. 2011. “Teacher Mobility Responses to Wage Changes: Evidence from a Quasi-Natural 

Experiment.” American Economic Review 101 (3): 460–65. 

https://doi.org/10.1257/aer.101.3.460. 

Fan, Jianqing, and I. Gijbels. 1996. Local Polynomial Modelling and Its Applications. 1st ed. 

Monographs on Statistics and Applied Probability 66. London ; New York: Chapman & 

Hall. 

Farber, Henry S. 2008. “Reference-Dependent Preferences and Labor Supply: The Case of New 

York City Taxi Drivers.” The American Economic Review 98 (3): 1069–82. 

———. 2015. “Why You Can’t Find a Taxi in the Rain and Other Labor Supply Lessons from 

Cab Drivers*.” The Quarterly Journal of Economics 130 (4): 1975–2026. 

https://doi.org/10.1093/qje/qjv026. 

Farber, Henry S. 2005. “Is Tomorrow Another Day? The Labor Supply of New York City 

Cabdrivers.” Journal of Political Economy 113 (1): 46–82. 

https://doi.org/10.1086/426040. 

Fehr, Ernst, and Lorenz Goette. 2007. “Do Workers Work More If Wages Are High? Evidence 

from a Randomized Field Experiment.” American Economic Review 97 (1): 298–317. 

https://doi.org/10.1257/aer.97.1.298. 

Feng, Li. 2020. “Chapter 30 - Compensating Differentials in Teacher Labor Markets.” In The 

Economics of Education (Second Edition), edited by Steve Bradley and Colin Green, 

415–30. Academic Press. https://doi.org/10.1016/B978-0-12-815391-8.00030-6. 

Feng, Li, and Tim R. Sass. 2018. “The Impact of Incentives to Recruit and Retain Teachers in 

‘Hard-to-Staff’ Subjects: Incentives to Recruit and Retain Teachers.” Journal of Policy 

Analysis and Management 37 (1): 112–35. https://doi.org/10.1002/pam.22037. 

Frontline Education. 2019. “National Absence & Hiring Trends.” Frontline Research & Learning 

Institute. 

Gershenson, Seth. 2012. “How Do Substitute Teachers Substitute? An Empirical Study of 

Substitute-Teacher Labor Supply.” Economics of Education Review 31 (4): 410–30. 

https://doi.org/10.1016/j.econedurev.2011.12.006. 



 38 

———. 2013. “The Causal Effect of Commute Time on Labor Supply: Evidence from a Natural 

Experiment Involving Substitute Teachers.” Transportation Research Part A: Policy and 

Practice 54 (August): 127–40. https://doi.org/10.1016/j.tra.2013.07.010. 

Glazerman, Steven, Ali Protik, Bing-ru Teh, Julie Bruch, and Jeffrey Max. 2013. “Transfer 

Incentives for HighPerforming Teachers: Final Results from a Multisite Randomized 

Experiment.” NCEE 2014-4003. National Center for Education Evaluation and Regional 

Assistance. https://files.eric.ed.gov/fulltext/ED544269.pdf. 

Goldhaber, Dan, and Sydney Payne. 2022. “Short On Substitute Teachers? Here’s Something 

States Can Do.” Education Week, May 13, 2022, sec. Teaching Profession. 

https://www.edweek.org/teaching-learning/opinion-short-on-substitute-teachers-heres-

something-states-can-do/2022/05. 

Graham, Bryan S., Geert Ridder, Petra Thiemann, and Gema Zamarro. 2022. “Teacher-to-

Classroom Assignment and Student Achievement.” Journal of Business & Economic 

Statistics 0 (0): 1–27. https://doi.org/10.1080/07350015.2022.2126480. 

Hanushek, Eric A., John F. Kain, and Steven G. Rivkin. 2004. “Why Public Schools Lose 

Teachers.” The Journal of Human Resources 39 (2): 326. 

https://doi.org/10.2307/3559017. 

Herrmann, Mariesa A., and Jonah E. Rockoff. 2012. “Worker Absence and Productivity: 

Evidence from Teaching.” Journal of Labor Economics 30 (4): 749–82. 

https://doi.org/10.1086/666537. 

Heyward, Giulia. 2021. “Schools Are Closing Classrooms on Fridays. Parents Are Furious.” The 

New York Times, December 8, 2021, sec. U.S. 

https://www.nytimes.com/2021/12/08/us/schools-closed-fridays-remote-learning.html. 

Hughes, Trevor. 2021. “‘Stretched Too Thin’: With Staff ‘exhausted,’ Schools Cancel Class or 

Return to Remote Learning.” USA TODAY, November 11, 2021. 

https://www.usatoday.com/story/news/nation/2021/11/11/public-school-teachers-

students-demand-extra-days-off-covid-19/6372122001/. 

Imbens, Guido W., and Thomas Lemieux. 2008. “Regression Discontinuity Designs: A Guide to 

Practice.” Journal of Econometrics 142 (2): 615–35. 

https://doi.org/10.1016/j.jeconom.2007.05.001. 

James, Jessalynn, Matthew A. Kraft, and John Papay. 2022. “Local Supply, Temporal Dynamics, 

and Unrealized Potential in Teacher Hiring.” EdWorkingPapers, January. 

https://doi.org/10.26300/1YFE-GS84. 

Joseph, Nithya, Nancy Waymack, and Daniel Zielaski. 2014. “Roll Call: The Importance of 

Teacher Attendance.” National Council on Teacher Quality. National Council on Teacher 

Quality. https://eric.ed.gov/?id=ED556249. 

Kelly Education. n.d. “The Substitute Teacher Gap: Recruitment and Retention Challenges in the 

Age of Covid-19.” Education Week. 

https://www.kellyeducationalstaffing.us/kes/siteassets/united-states---kes/files/resource-

center/customer-story/a9c2e154-6715-41fc-9f16-

0de393903e87_thesubstituteteachergap_whitepaperfinal_1.pdf. 

Kho, Adam, Gary T. Henry, Ron Zimmer, and Lam Pham. 2019. “General Equilibrium Effects 

of Recruiting High-Performing Teachers for School Turnaround: Evidence from 

Tennessee.” EdWorkingPapers.Com. Annenberg Institute at Brown University. 

https://www.edworkingpapers.com/ai19-64. 



 39 

Kraft, Matthew A. 2020. “Interpreting Effect Sizes of Education Interventions.” Educational 

Researcher 49 (4): 241–53. https://doi.org/10.3102/0013189X20912798. 

Lee, David S., and Thomas Lemieux. 2010. “Regression Discontinuity Designs in Economics.” 

Journal of Economic Literature 48 (2): 281–355. https://doi.org/10.1257/jel.48.2.281. 

Liu, Jing, Susanna Loeb, and Ying Shi. 2022. “More Than Shortages: The Unequal Distribution 

of Substitute Teaching.” Education Finance and Policy 17 (2): 285–308. 

https://doi.org/10.1162/edfp_a_00329. 

Ludwig, Jens, and Douglas L. Miller. 2007. “Does Head Start Improve Children’s Life Chances? 

Evidence from a Regression Discontinuity Design*.” The Quarterly Journal of 

Economics 122 (1): 159–208. https://doi.org/10.1162/qjec.122.1.159. 

Miller, Raegen T., Richard J. Murnane, and John B. Willett. 2008. “Do Teacher Absences 

Impact Student Achievement? Longitudinal Evidence From One Urban School District.” 

Educational Evaluation and Policy Analysis 30 (2): 181–200. 

https://doi.org/10.3102/0162373708318019. 

Potter, Halley. 2022a. “School Segregation in Cities Across America Mapped.” The Century 

Foundation. May 17, 2022. https://tcf.org/content/data/school-segregation-in-cities-

across-america-mapped/. 

———. 2022b. “School Segregation in U.S. Metro Areas.” The Century Foundation. 

https://tcf.org/content/report/school-segregation-in-u-s-metro-areas/. 

Pugatch, Todd, and Elizabeth Schroeder. 2018. “Teacher Pay and Student Performance: 

Evidence from the Gambian Hardship Allowance.” Journal of Development Effectiveness 

10 (2): 249–76. https://doi.org/10.1080/19439342.2018.1452778. 

Ransom, Michael R, and David P. Sims. 2010. “Estimating the Firm’s Labor Supply Curve in a 

‘New Monopsony’ Framework: Schoolteachers in Missouri.” Journal of Labor 

Economics 28 (2): 331–55. https://doi.org/10.1086/649904. 

Rosen, Sherwin. 1986. “Chapter 12 The Theory of Equalizing Differences.” In Handbook of 

Labor Economics, 1:641–92. Elsevier. https://doi.org/10.1016/S1573-4463(86)01015-5. 

Schwartz, Heather L., and Melissa Kay Diliberti. 2022. “Flux in the Educator Labor Market: 

Acute Staff Shortages and Projected Superintendent Departures: Selected Findings from 

the Fourth American School District Panel Survey.” RAND Corporation. 

https://www.rand.org/pubs/research_reports/RRA956-9.html. 

Smith, Robert S. 1979. “Compensating Wage Differentials and Public Policy: A Review.” ILR 

Review 32 (3): 339–52. https://doi.org/10.1177/001979397903200304. 

Spirou, Costas, and Larry Bennett. 2016. “Metropolitan Chicago’s Geography of Inequality.” In 

Neoliberal Chicago, edited by Larry Bennett, Roberta Garner, and Euan Hague, 47–71. 

University of Illinois Press. https://doi.org/10.5406/j.ctt1s47658. 

Steele, Jennifer L., Richard J. Murnane, and John B. Willett. 2010. “Do Financial Incentives 

Help Low-Performing Schools Attract and Keep Academically Talented Teachers? 

Evidence from California.” Journal of Policy Analysis and Management 29 (3): 451–78. 

https://doi.org/10.1002/pam.20505. 

Thakral, Neil, and Linh T. Tô. 2021. “Daily Labor Supply and Adaptive Reference Points.” 

American Economic Review 111 (8): 2417–43. https://doi.org/10.1257/aer.20170768. 

Tincani, Michela M. 2021. “Teacher Labor Markets, School Vouchers, and Student Cognitive 

Achievement: Evidence from Chile.” Quantitative Economics 12 (1): 173–216. 

https://doi.org/10.3982/QE1057. 



 40 

Vialet, Jill, and Amanda von Moos. 2020. Substantial Classrooms: Redesigning the Substitute 

Teaching Experience. San-Francisco: Jossey-Bass. 

Weber, Sylvain, and Martin Péclat. 2017. “A Simple Command to Calculate Travel Distance and 

Travel Time.” The Stata Journal 17 (4): 962–71. 

https://doi.org/10.1177/1536867X1801700411. 

 

Figures 

 

 



 41 

 

Figure 1. The geography of racial segregation across Chicago Public Schools, 2016-2017.  

 

 

 
 

Figure 2: Potential, requested, and realized substitute labor supply 

 

Notes: We approximate potential supply of substitute labor by aggregating the maximum 

allowable days for all substitutes we observe working in a given year. This is equivalent to the 

average observed substitute working 140 school days each year, 77 days more than the average 

substitute worked in 2017-18. 
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Figure 3: Histogram of treatment sorting variable 

 

Notes: Each square represents a single school. Histograms bins are 4 percentage points wide. All 

incentive schools are to the left of the dashed vertical line. 
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Figure 4: District-wide, day-level substitute request volume and coverage in 2017-18 

 

Notes: Each bar represents the total requests in the Chicago Public Schools District on a given 

day of the school year, which we disaggregate by substitute coverage. We present the pre-

treatment year to show that high-demand days were selected for additional day-specific stipends 

because of their relatively high volume of requests and relatively low coverage rates. 
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Figure 5: Raw fill rate discontinuity, 2018-19 forcing variable 

 

Notes: The independent variable is the forcing variable used to select schools for treatment, 

centered at the treatment cutoff. Treated schools are to the right of the cutoff. The dependent 

variable is the school-level substitute request fill rate for the 2018-19 school year. We follow 

Calonico et al. (2015) by selecting bin-width with the evenly-spaced mimicking variance method 

using spacings estimators. 
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Figure 6: Month-level regression discontinuity estimates, 2018-19 

 

Notes: We plot average treatment effects at the cutoff from our RD model on fill-rates for 

specific months during the school year, controlling for school-level covariates. Vertical bars 

demarcate 95% confidence intervals for each estimate. Seven of the 22 school days in May and 5 

of the 12 school days in June were high-demand days with additional stipends. 
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Figure 7: Raw fill rate discontinuity, 2019-20 forcing variable 

 

Notes: The independent variable isolates the 125th school treatment cutoff, centered at zero, with 

the initial cohort of 75 treated schools omitted. Treated schools are on the right of the cutoff. We 

follow Calonico et al. (2015) by selecting bin-width with the mimicking variance evenly-spaced 

method using spacings estimators. 
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Figure 8: Aggregate substitute coverage over time 

 

Notes: Aggregate fill rates are the percent of all requests among a group of schools that are filled 

by a substitute. The vertical dashed line marks the introduction of the targeted incentive pay 

program for substitutes. Only the initial 75 treated schools were treated in 2018-19. We omit the 

50 additional schools (added to the treatment group 2019-20) from the non-incentive schools 

group but include them in the district overall average (dotted line).  
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Figure 9: Lorenz curves of unfilled rates across all schools 

 

Notes: The black 45° line represents perfect equity, here defined as each school experiencing the 

same rate of unfilled requests. The area between a plotted arc and the 45° line represents the 

inequity in the rates of unfilled requests experienced across the district in that given school year. 

Smaller areas between the distribution arc and the 45° line represent a more equitable 

distribution of unfilled rates across schools. The 75 schools to the left of the vertical dashed line 

received the incentive pay treatment in 2018-19. 
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Figure 10: Substitute residential density, school-average commute distances, and substitute fill 

rates across Chicago Public School, 2016-17 
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Tables 

Table 1: Pre-treatment Characteristics of Incentive and Non-Incentive Schools   
  

District 

 2018-19 Treatment  2019-20 Treatment 

   Incentive 
Non-

incentive 
 Incentive 

Non-

incentive 

Substitute behavior measures:               

  Fill rate % 76.7   47.3 81.9   54.8 83.9 

  Number of substitutes engaged 64.8   50.4 67.3   55.5 67.8 

  Average days substitutes work 8.1   4.7 8.7   5.2 9.1 

 Average observed commute (min) 17.1   18.1 17.0   18.0 16.8 

 Number of substitutes commuting ≤10min 14.3   9.1 15.2   10.4 15.5 

 Number of substitutes commuting 10-20min 23.8   17.5 24.9   20.1 25.0 

 Number of substitutes commuting >20min 25.0   22.3 25.5   23.3 25.6 

School characteristics:               

  Average teacher absences 11.9   11.4 11.9   11.9 11.8 

  Teacher Retention % 0.8   0.8 0.8   0.8 0.8 

  Misconduct incidents per student 0.32   0.27 0.33   0.27 0.34 

  Enrollment 601   445 627   437 654 

 Math achievement -0.10  -0.41 -0.04  -0.37 -0.01 

 English achievement -0.09  -0.38 -0.04  -0.34 0.00 

 Neighborhood violent crimes / 100 residents 0.45  0.82 0.39  0.70 0.37 

 All neighborhood crimes / 100 residents 9.77  14.60 8.94  13.05 8.70 

  School Quality Rating (scale 1-5) 3.6   3.1 3.7   3.3 3.7 

Student body demographics:               

  English language-learner % 16.8   8.6 18.2   12.3 18.2 

  Special education % 15.5   14.8 15.6   14.7 15.7 

  Free/Reduced price lunch eligible % 77.3   86.9 75.6   86.6 74.3 

  Asian % 3.4   0.2 4.0   0.3 4.5 

  Black % 46.2   78.5 40.6   70.3 38.4 

  Hawaiian % 0.2   0.1 0.2   0.1 0.2 

  Hispanic % 39.0   19.8 42.4   27.6 42.8 

  Multi-racial % 1.1   0.4 1.2   0.5 1.3 

  Native American % 0.3   0.2 0.3   0.2 0.3 

  White % 9.5   0.8 11.1   1.0 12.3 

  Race not reported % 0.2   0.1 0.2   0.1 0.2 

School levels represented               

 Elementary grades only 33   0 33   3 30 

  Elementary & middle grades 377   73 304   116 261 

  Middle grades only 8   0 8   3 5 

  Middle & high school grades 11   0 11   0 11 

  High school grades only 79   2 77   3 76 

n   508   75 433   125 383 

Notes: All values are averages of school-level data for the indicated group in the 2017-18 school year. The 

“District” column presents the school-level average across all observed traditional public schools.  
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Table 2: Effects of Targeted Incentives on Substitute Labor Supply 2018-19  

  
Incentive school 

mean 2017-18 
  (1) (2) 

Panel A. Substitute behavior measures 

Substitute request fill rate 0.47   0.22*** 0.23*** 

      (0.05) (0.05) 

Number of unique substitutes at a school 50.40   17.88** 13.02*** 

      (7.23) (4.73) 

Average substitute's total days worked at a school 
4.65   1.36 1.57 

    (1.63) (1.44) 

Panel B. Number of unique substitutes in 2018-19 by prior work history 

Prior work in treated schools only 0.73   0.12 0.14 

      (0.23) (0.22) 

Prior work in comparison schools only 5.47   2.47 0.47 

      (1.62) (1.00) 

Prior work in both treated & comparison schools 27.73   14.93*** 13.57*** 

      (4.24) (3.27) 

New to the substitute roster in 2018-19 13.11   -0.28 -1.30 

      (1.87) (1.38) 

Lapsed substitutes 3.36   0.64 0.14 

      (0.64) (0.52) 

School covariate vector     No Yes 

n     111 111 

Notes: Heteroskedasticity-robust standard errors are reported in parentheses (* p<.10, ** p<.05, 

*** p<.01). Panel B disaggregates unique substitutes at a school in 2018-19 by where they 

worked in the prior year. Lapsed substitutes have been on the roster but did not take any 

substituting jobs in the year prior. We include schooling-level fixed effects in all models. Our 

school covariate vector includes controls for student body race demographics, free/reduced 

price lunch eligibility, special education status, English as a second language status, total 

enrollment, and school-level lagged achievement in math and English. All models use a 

bandwidth of +/- 0.12 and are weighted by a uniform kernel. 
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Table 3: Heterogeneous Effects of Targeted Incentives on Substitute Labor Supply 2018-19 

  Incentive school mean 2017-18 (1) (2) 

Panel A. Substitute localness 

Number of substitutes commuting 

<10min 
9.05 2.26 1.97 

  (1.59) (1.30) 

Number of substitutes commuting 

10-20min 
17.52 7.49** 7.59*** 

  (3.02) (2.42) 

Number of substitutes commuting 

>20min 
22.29 8.87*** 5.24*** 

  (2.99) (1.97) 

Panel B. Number of unique substitutes in 2018-19 by demographic groups 

Asian 0.64 -0.07 -0.44* 

    (0.42) (0.25) 

Black 30.96 9.29 10.03** 

    (6.28) (4.47) 

Hispanic 3.95 3.25* 2.25*** 

    (1.67) (0.86) 

White 9.81 3.68 -0.21 

    (3.33) (1.66) 

Female 37.23 14.35*** 11.69*** 

    (5.50) (3.70) 

Male 13.17 3.53 1.33 

    (2.68) (1.72) 

School covariate vector   No Yes 

n   111 111 

Notes: Heteroskedasticity-robust standard errors are reported in parentheses (* p<.10, ** p<.05, *** 

p<.01). We include schooling-level fixed effects in all models. Our school covariate vector includes 

controls for student body race demographics, free/reduced price lunch eligibility, special education 

status, English as a second language status, total enrollment, and school-level lagged achievement in 

math and English. All models use a bandwidth of +/- 0.12 and are weighted by a uniform kernel. 
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Table 4: Effects of Targeted Incentives on Teacher and Student Outcomes 2018-19 

 Incentive school mean 2017-18 (1) (2) 

Panel A. Teacher-level measures 

Total absences 11.701 2.662* 1.477 

    (1.376) (1.241) 

      n = 2,609 

Retained 0.780 0.040 0.022 

    (0.038) (0.035) 

      n = 2,609 

Transferred 0.115 -0.035 -0.030 

    (0.033) (0.031) 

      n = 2,609 

Left district 0.104 -0.005 0.009 

    (0.024) (0.020) 

       n = 2,609 

Panel B. Student-level measures 

Index math achievement -0.406 0.032 0.044 

    (0.113) (0.031) 

       n = 28,046 

Index ELA achievement -0.378 0.061 0.046* 

    (0.119) (0.024) 

       n = 27,733 

School covariate vector   No Yes 

Individual covariate vector   No Yes 

Notes: Heteroskedasticity-robust standard errors are clustered by school and reported in parentheses (* 

p<.10, ** p<.05, *** p<.01). Model (2) includes vectors of school covariates as well as individual 

covariates. For teachers, the individual covariate vector indicates race, gender, and binned tenure 

indicators for 3-5, 6-10, 11-20, and 21+ years (1-2 years omitted category). Student-level covariates 

include student race indicators, gender, English as a second language status, free/reduced price lunch 

eligibility, special education status, and a lagged cubic of both math and English achievement. Student 

outcomes are modeled for the subsample of students with lagged outcomes to improve precision; this 

does not materially impact our estimates. Schooling-level fixed effects are included in all models. We 

weight observations within the bandwidth or +/- 0.12 with a uniform kernel. 
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Table 5: Effects of Targeted Incentives on Substitute Labor Supply 2019-20 

  
Incentive school 

mean 2017-18 
  (1) (2) 

Panel A. Substitute behavior measures 

Substitute request fill rate 0.66   0.25*** 0.21*** 

      (0.04) (0.04) 

Number of unique substitutes at a 

school 
63.12   34.69*** 34.91*** 

    (8.61) (6.98) 

Average substitute's total days 

worked at a school 
6.09   -1.58 -1.87 

    (1.25) (1.19) 

Panel B. Number of unique subs in 2019-20 by prior work history 

Prior work in treated schools only 0.26   1.71*** 1.70*** 

    (0.48) (0.41) 

Prior work in comparison schools 

only 
10.44   4.82* 3.49 

    (2.75) (2.29) 

Prior work in both treated & 

comparison schools 
32.14   22.32*** 23.73*** 

    (4.47) (3.71) 

New to the substitute roster 15.56   3.60* 3.71** 

    (1.97) (1.69) 

Lapsed substitutes 4.72   2.24** 2.28** 

     (1.02) (0.93) 

School covariate vector     No Yes 

n     93 93 

Notes: Heteroskedasticity-robust standard errors are reported in parentheses (* p<.10, ** p<.05, *** 

p<.01). We exclude schools sorted into treatment in 2018-19. Schooling-level fixed effects are included in 

all models. The school covariate vector includes controls for student body race demographics, 

representation of free/reduced price lunch eligibility, special education status, English as a second 

language status, total school enrollment, and lagged school-level math and ELA achievement. 

Observations within the bandwidth of +/- 0.10 are weighted by a uniform kernel. The pre-treatment mean 

is reported for the 50 schools added to treatment in 2019-20. 
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Table 6: Heterogeneous Effects of Targeted Incentives on Substitute Labor Supply 2019-20 

  
Incentive school 

mean 2017-18 
  (1) (2) 

Panel A. Substitute localness 

Number of substitutes 

commuting <10min 
12.54   2.48 1.77 

    (2.22) (1.50) 

Number of substitutes 

commuting 10-20min 
24.00   12.96*** 13.23*** 

    (2.54) (2.31) 

Number of substitutes 

commuting >20min 
24.86   6.68** 7.62*** 

    (2.73) (1.83) 

Panel B. Number of unique substitutes in 2018-19 by demographic groups 

Asian 0.96   0.13 0.01 

   (0.32) (0.24) 

Black 36.32   26.58*** 27.84*** 

   (7.95) (5.90) 

Hispanic 6.04   0.05 0.26 

    (1.73) (0.80) 

White 14.70   3.80 2.78 

   (4.00) (2.94) 

Female 45.04   28.48*** 29.01*** 

      (7.13) (5.99) 

Male 18.08   6.21** 5.90*** 

      (2.53) (1.66) 

School covariate vector     No Yes 

n     93 93 

Notes: Heteroskedasticity-robust standard errors are reported in parentheses (* p<.10, ** 

p<.05, *** p<.01). We exclude schools sorted into treatment in 2018-19. Schooling-level 

fixed effects are included in all models. The school covariate vector includes controls for 

student body race demographics, representation of free/reduced price lunch eligibility, special 

education status, English as a second language status, total school enrollment, and lagged 

school-level math and ELA achievement. Observations within the bandwidth of +/- 0.10 are 

weighted by a uniform kernel. The pre-treatment mean reported is for the 50 schools added to 

treatment in 2019-20. 
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Table 7: Effects of Targeted Incentives on Teacher Outcomes 2019-20 

  
Incentive school mean 

2017-18 
  (1) (2) 

Total absences 12.560   4.315** 3.502** 

    (1.782) (1.510) 

Retained at school 0.776   -0.026 -0.053 

    (0.048) (0.043) 

Transferred 0.117   0.021 0.038 

    (0.039) (0.037) 

Left district 0.107   0.005 0.016 

    (0.023) (0.019) 

School covariate vector     No Yes 

Teacher covariate vector   No Yes 

n     2,174 2,174 

Notes: Heteroskedasticity-robust standard errors are reported in parentheses (* p<.10, ** p<.05, *** p<.01). 

Schooling-level fixed effects are included in all models. The school covariate vector includes controls for 

student body race demographics, representation of free/reduced price lunch eligibility, special education status, 

English as a second language status, total school enrollment, and lagged school-level math and ELA 

achievement. The teacher-level covariate vector includes binned tenure indicators (3-5, 6-10, 11-20, 21+ years, 

with 0-2 years omitted), gender, and race /ethnicity indicators. Observations within the bandwidth of +/- 0.10 

are weighted by a uniform kernel. The pre-treatment mean reported is for the 50 schools added to treatment in 

2019-20. 
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Table 8: Sensitivity Analysis     

  (1) (2) 

Panel A. Exclude Top 25% of Schools by % of Substitutes Worked at Both 

Treatment and Comparison Schools Last Year 

Substitute request fill rates 0.24*** 0.21*** 

  (0.07) (0.07) 

  n=81 

Panel B. Exclude Top 50% of Schools by % of Substitutes Worked at Both 

Treatment and Comparison Schools Last Year 

Substitute request fill rates 0.20*** 0.23*** 

  (0.08) (0.06) 

  n=56 

Panel C. Exclude Top 25% of Schools by Number of Treated Schools 

Within 3 Miles 

Substitute request fill rates 0.23*** 0.24*** 

  (0.05) (0.05) 

  n=85 

Panel D. Exclude Top 50% of Schools by Number of Treated Schools 

Within 3 Miles 

Substitute request fill rates 0.20*** 0.22*** 

  (0.06) (0.05) 

  n=67 

School covariate vector No Yes 

Notes: Heteroskedasticity-robust standard errors are reported in parentheses 

(* p<.10, ** p<.05, *** p<.01). We include schooling-level fixed effects 

and our school covariate vector in all models. Observations are weighted by 

a uniform kernel. Estimation bandwidth is 0.12 for all panels. 
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Appendix A: Regression Discontinuity Design Validity 

 

 We conduct a range of empirical tests to examine the validity of our regression 

discontinuity design. First, we present histograms of our sorting variable for the 2018-19 and 

2019-20 RD models in Figures A.1 and A.2, respectively. These figures illustrate no evidence of 

manipulation around either treatment cutoff. This makes sense given schools were unaware of 

the program or the decision to use a weighted historical fill-rate variable as the assignment 

mechanism until after the incentive schools were announced. Using historical data in the sorting 

process ensured that schools could not manipulate their position on either side of the cutoff. We 

perform formal nonparametric density tests to ensure school assignment above or below the 

cutoff was not manipulated following Cattaneo et al. (2020). We pass these formal tests (p=0.18 

in 2018-19 and p=0.93 in 2019-20) and display the results in Figures A.3 and A.4. 

We also test for discontinuities in school characteristics across each year’s treatment 

threshold. These tests are intended to validate the integrity of the foundational assumption of 

pseudo-random selection into treatment and comparison groups close to the treatment cutoff. We 

show the distribution of these characteristics across the 2018-19 and 2019-20 sorting variables in 

Figures A.5 and A.6. In Table A.1 we present the point estimates of discontinuities at the 

threshold for several covariates by using these variables as outcomes in our 2018-19 and 2019-20 

RD models. We find small and statistically insignificant effects across the ten covariates we test 

for both our 2018-19 and 2019-20 RD models with the exception of a 4 percentage-point 

difference in concentration of special education students across the 2019-20 125th school cutoff. 

We interpret these overall findings as evidence for the validity of the pseudo-random assignment 

of schools across the treatment cutoff. 

To ensure the robustness of our results to model specification, we examine the sensitivity 

of our main results to our selection of bandwidth and functional form in Table A.2. We use a 

single bandwidth across outcomes in our main tables to allow for a stable sample. We selected 

the maximum of the mean-square-error minimizing bandwidth from Calonico et al., (2017; 2020) 

calculated for each outcome, which fell in the range of 6 to 12 percentage points in our 2018-19 

model, rounded to the nearest hundredth. In Tables A.2 and A.3, below, we present RD estimates 

for our key outcomes across both years with bandwidths of +/- 6, 8, 10, and 12 percentage points 

across linear, quadratic, and cubic functional forms. We also graphically illustrate the stability of 

our estimates for 2018-19 across bandwidths as in Lee & Lemieux (2010) for fill rates in Figures 

A.7 and A.8. Similar to Fan & Gijbels (1996) and Ludwig & Miller (2007), we find that the 

choice of kernel does not materially impact our results, as shown in Tables A.4, A.5, A.6, and 

A.7 where we report estimate from models using a triangular kernel weight.  
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Figure A.1 Sorting variable density 2018-19 

 

Notes: Histogram of schools along the 2018-19 sorting variable; bin width is 4 percentage points. 

 

 
 

Figure A.2 Sorting variable density 2019-20 

 

Notes: Histogram of schools along the 2019-20 sorting variable; bin width is 3 percentage points. 

Schools sorted into treatment in 2017-18 are omitted. 
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Figure A.3 Sorting variable density test 2018-19 

Notes: Visual results from the nonparametric density test (Cattaneo, Jansson, and Ma 2018) for 

the sorting variable used to determine treatment in the 2018-19 school year. 

 

 

 
Figure A.4 Sorting variable density test 2019-20 

Notes: Visual results from the nonparametric density test (Cattaneo, Jansson, and Ma 2018) for 

the sorting variable used to determine treatment in the 2019-20 school year. We exclude schools 

treated in 2018-19. 
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Figure A.5 Covariate balance 2018-19 forcing variable 

 

Notes: Each covariate plot is a scatter of bin averages across the district; bin width is 2 

percentage points. Treated schools are on the right of each vertical dashed line. Each covariate is 

a school-level measure for the 2018-19 school year. 

 



 62 

 
 

Figure A.6 Covariate Balance 2019-20 forcing variable 

 

Notes: Each covariate plot is a scatter of bin averages across the district; bin width is 2 

percentage points. Treated schools are on the right of each vertical dashed line. Each covariate is 

a school-level measure for the 2019-20 school year. The initial 75 treated schools are omitted.
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Figure A.7 Stability of fill rate results across bandwidths, 2018-19 

 

Notes: Quadratic fit estimate uses an optimized bandwidth calculated according to Calonico et 

al., (2017). Local linear regression (LLR) estimates on fill rates are for the bandwidth indicated 

on the x axis. 95% confidence intervals are for corresponding LLR-estimated effect. 
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Figure A.8 Stability of fill rate results across bandwidths, 2019-20 

 

Notes: Quadratic fit estimate uses an optimized bandwidth calculated according to Calonico et 

al., (2017). Local linear regression (LLR) estimates on fill rates are for the bandwidth indicated 

on the x axis. 95% confidence intervals are for corresponding LLR-estimated effect. The 75 

schools in the 2018-19 treated cohort are omitted from all estimates. 
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Table A.1: Covariate Balance across Treatment Thresholds for Main 

Specifications  

  
  

2018-19 75th 

School Cutoff 
  

2019-20 125th 

School Cutoff 

Outcome   (1)   (2) 

Enrollment   26.41   -71.70 

    (62.40)   (75.52) 

Number of teachers   2.00   -5.86 

    (3.89)   (4.14) 

Black %   -0.00   -0.00 

    (0.00)   (0.01) 

Hispanic %   -0.08   -0.00 

    (0.14)   (0.18) 

White %   0.08   -0.02 

    (0.13)   (0.17) 

FRPL eligible %   0.00   0.02 

    (0.01)   (0.01) 

Special education %   -0.01   -0.04 

    (0.02)   (0.04) 

ELL %   0.00   0.04 

    (0.02)   (0.02) 

Lagged Math   0.01   -0.02 

    (0.07)   (0.08) 

Lagged ELA   -0.02   0.03 

    (0.22)   (0.28) 

Bandwidth   0.12   0.10 

n   111   93 

Notes: Heteroskedasticity-robust standard errors are reported in 

parentheses (* p<.10, ** p<.05, *** p<.01). All models include 

schooling-level fixed effects and weight observations with a uniform 

kernel. 
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Table A.2: Stability of Results to Bandwidth and Functional Form Choice 2018-19   

Bandwidth     0.06 0.08 0.10 0.12 

  Panel A. Substitute behavior measures 

Substitute request fill rate Linear   0.223*** 0.252*** 0.213*** 0.226*** 

  Quadratic   0.310*** 0.241** 0.228*** 0.246*** 

Number of unique substitutes at a school Linear   21.990*** 17.677** 12.190** 13.020*** 

Quadratic   29.558*** 30.084*** 21.618** 17.075** 

Average substitutes' total days worked at 

a school 
Linear   0.358 1.088 1.523 1.572 

Quadratic   -0.182 -1.289 1.439 3.015 

 Panel B. Teacher outcomes 

Total absences Linear   2.033 0.454 1.233 1.477 

  Quadratic   5.133** 3.478* -0.005 0.100 

School retention Linear   0.032 0.030 0.029 0.022 

  Quadratic   0.033 0.044 0.044 0.047 

Transfers Linear   -0.063 -0.041 -0.028 -0.030 

  Quadratic   -0.105* -0.105** -0.077 -0.066 

Exits Linear   0.031 0.012 -0.001 0.009 

  Quadratic   0.073** 0.060** 0.033 0.019 

 Panel C. Student outcomes 

Index math Linear   0.089*** 0.093** 0.032 0.044 

  Quadratic   0.004 0.027 0.067 0.036 

Index ELA Linear   0.109*** 0.113*** 0.072*** 0.046* 

  Quadratic   0.054* 0.055* 0.053* 0.082*** 

Notes: Heteroskedasticity-robust standard errors are reported in parentheses and clustered by school for 

teacher- and student-level models (* p<.10, ** p<.05, *** p<.01). We include schooling-level fixed effects and 

our school covariate vector in all models. Teacher- and student-level models also include individual-level 

control vectors. Observations within the bandwidth indicated are weighted by a uniform kernel. 

 

 

  



 67 

 

Table A.3: Stability of Results to Bandwidth and Functional Form Choice 2019-20   

Bandwidth     0.06 0.08 0.10 0.12 

  Panel A. Substitute behavior measures 

Substitute request fill rate Linear   0.157*** 0.155*** 0.213*** 0.237*** 

  Quadratic   0.171*** 0.130** 0.149*** 0.208*** 

Number of unique substitutes at a school Linear   37.214*** 33.814*** 34.908*** 32.783*** 

Quadratic   24.554** 36.051*** 37.754*** 38.401*** 

Average substitutes' total days worked at 

a school 
Linear   -1.764 -3.043** -1.875 -2.010* 

Quadratic   1.432 -0.369 -0.472 -0.871 

 Panel B. Teacher outcomes 

Total absences Linear   4.986*** 3.000** 3.502** 2.571* 

  Quadratic   6.989*** 5.354** 4.208* 4.590** 

School retention Linear   -0.055 -0.052 -0.053 -0.053 

  Quadratic   -0.174** -0.122** -0.145** -0.050 

Transfers Linear   0.062 0.033 0.038 0.037 

  Quadratic   0.095 0.060 0.079 0.033 

Exits Linear   -0.008 0.018 0.016 0.016 

  Quadratic   0.079*** 0.062** 0.066** 0.017 

Notes: Heteroskedasticity-robust standard errors are reported in parentheses and clustered by school for teacher- 

and student-level models (* p<.10, ** p<.05, *** p<.01). We include schooling-level fixed effects and our 

school covariate vector in all models. Teacher- and student-level models also include individual-level control 

vectors. Observations within the bandwidth indicated are weighted by a uniform kernel. 
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Table A.4: Effects of Targeted Incentives on Substitute Labor Supply 2018-19 

Triangular Kernel 

  
Incentive school 

mean 2017-18 
  (1) (2) 

Panel A. Substitute behavior measures 

Substitute request fill rate 0.47   0.21*** 0.23*** 

    (0.05) (0.05) 

Number of unique substitutes at 

a school 

50.40   21.88*** 15.19*** 

    (8.05) (5.09) 

Average substitutes' total days 

worked at a school 

4.65   0.81 1.62 

    (1.62) (1.35) 

Panel B. Number of unique substitutes in 2018-19 by prior work history 

Prior work in treated schools 

only 

0.73   0.01 0.11 

    (0.23) (0.22) 

Prior work in comparison 

schools only 

5.47   4.14** 0.93 

    (1.77) (0.98) 

Prior work in both treated & 

comparison schools 

27.73   16.68*** 15.44*** 

    (4.71) (3.48) 

New to the substitute roster in 

2018-19 

13.11   0.50 -1.23 

    (2.04) (1.49) 

Lapsed substitutes 3.36   0.57 -0.07 

      (0.73) (0.54) 

School covariate vector     No Yes 

n     111 111 

Notes: Heteroskedasticity-robust standard errors are reported in parentheses (* 

p<.10, ** p<.05, *** p<.01). Panel B disaggregates unique substitutes at a school 

in 2018-19 by where they worked in the prior year. Lapsed substitutes have been 

on the roster but did not take any substituting jobs in the year prior. We include 

schooling-level fixed effects in all models. Our school covariate vector includes 

controls for student body race demographics, free/reduced price lunch eligibility, 

special education status, English as a second language status, total enrollment, and 

school-level lagged achievement in math and English. All models use a bandwidth 

of +/- 0.12 and are weighted by a triangular kernel. 
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Table A.5: Heterogeneous Effects of Targeted Incentives on Substitute 

Labor Supply 2018-19 Triangular Kernel 

  
Incentive school 

mean 2017-18 
  (1) (2) 

Panel A. Substitute localness 

Number of substitutes 

commuting <10min 

9.05   2.10 1.54 

    (1.76) (1.39) 

Number of substitutes 

commuting 10-20min 

17.52   9.44*** 10.34*** 

    (3.30) (2.49) 

Number of substitutes 

commuting >20min 

22.29   10.33*** 5.04*** 

    (3.13) (1.81) 

Panel B. Number of unique substitutes in 2018-19 by demographic 

groups 

Asian 0.64   0.35 -0.38 

      (0.48) (0.28) 

Black 30.96   5.61 11.91** 

      (7.11) (4.66) 

Hispanic 3.95   5.22*** 2.16** 

      (1.78) (0.90) 

White 9.81   8.38** -0.09 

      (3.59) (1.57) 

Female 37.23   15.67** 13.71*** 

      (6.17) (3.93) 

Male 13.17   6.21** 1.48 

      (2.95) (1.79) 

School covariate vector     No Yes 

n     111  111  

Notes: Heteroskedasticity-robust standard errors are reported in 

parentheses (* p<.10, ** p<.05, *** p<.01). We include schooling-level 

fixed effects in all models. Our school covariate vector includes 

controls for student body race demographics, free/reduced price lunch 

eligibility, special education status, English as a second language status, 

total enrollment, and school-level lagged achievement in math and 

English. All models use a bandwidth of +/- 0.12 and are weighted by a 

triangular kernel. 
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Table A.6: Effects of Targeted Incentives on Teacher and Student Outcomes 

2018-19 Triangular Kernel 

  
Incentive school 

mean 2017-18 
  (1) (2) 

Panel A. Teacher-level measures 

Total absences 11.701   2.744* 1.188 

      (1.546) (1.263) 

      n = 2,609 

Retained 0.780   0.055 0.026 

      (0.036) (0.034) 

      n = 2,609 

Transferred 0.115   0.055 0.026 

      (0.036) (0.034) 

      n = 2,609 

Left district 0.104   -0.001 0.014 

      (0.025) (0.020) 

      n = 2,609 

Panel B. Student-level measures 

Index math achievement -0.406   0.142 0.046 

      (0.120) (0.029) 

      n = 28,046 

Index ELA achievement -0.378   0.152 0.074*** 

      (0.134) (0.021) 

      n = 27,733 

School covariate vector     No Yes 

Individual covariate vector     No Yes 

Notes: Heteroskedasticity-robust standard errors are clustered by school and 

reported in parentheses (* p<.10, ** p<.05, *** p<.01). Model (2) includes 

vectors of school covariates as well as individual covariates. For teachers, the 

individual covariate vector indicates race, gender, and binned tenure 

indicators (3-5, 6-10, 11-20, 21+ years, 0-2 years omitted). Student-level 

covariates include student race, gender, English as a second language status, 

free/reduced price lunch eligibility, special education status, and a lagged 

cubic of student-level achievement in both math and English. Student 

outcomes are modeled for the subsample of students with lagged outcomes to 

improve precision; this does not materially impact our estimates. Schooling-

level fixed effects are included in all models. Observations within the 

bandwidth or +/- 0.12 are weighted by a triangular kernel. 
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Table A.7: Effects of Targeted Incentives on Substitute Labor Supply 2019-20 

Triangular Kernel 

  

Incentive school 

mean 2017-18   (1) (2) 

Panel A. Substitute behavior measures 

Substitute request fill rate 0.66   0.24*** 0.17*** 

    (0.04) (0.03) 

Number of unique substitutes at 

a school 

63.12   34.20*** 33.95*** 

    (9.05) (6.89) 

Average substitutes' total days 

worked at a school 

6.08   -1.20 -2.25** 

    (1.22) (1.03) 

Panel B. Number of unique substitutes in 2019-20 by prior work history 

Prior work in treated schools 

only 

0.26   1.80*** 1.66*** 

    (0.48) (0.34) 

Prior work in comparison 

schools only 

10.44   5.04* 3.97** 

    (2.82) (1.98) 

Prior work in both treated & 

comparison schools 

32.14   21.86*** 22.78*** 

    (4.72) (3.72) 

New to the substitute roster in 

2019-20 

15.56   3.24* 3.01* 

    (1.92) (1.62) 

Lapsed substitutes 4.72   2.27** 2.52*** 

      (0.99) (0.79) 

School covariate vector     No Yes 

n     93 93 

Notes: Heteroskedasticity-robust standard errors are reported in parentheses (* 

p<.10, ** p<.05, *** p<.01). Panel B disaggregates unique substitutes at a school 

in 2019-20 by where they worked in the prior year. Lapsed substitutes have been 

on the roster but did not take any substituting jobs in the year prior. We include 

schooling-level fixed effects in all models. Our school covariate vector includes 

controls for student body race demographics, free/reduced price lunch eligibility, 

special education status, English as a second language status, total enrollment, 

and school-level lagged achievement in math and English. All models use a 

bandwidth of +/- 0.10 and are weighted by a triangular kernel. 
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Appendix B: Supplemental Figures and Tables 
 

 
 

Figure B.1 District distribution across both treatment sorting variables 

 

Notes: Demarcated regions indicate treatment status as determined by each year’s treatment 

cutoff. Both the initial 75 treated schools and additional 50 treated schools received treatment in 

2019-20.  
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Figure B.2 Raw discontinuity in unique substitutes at each school, 2018-19 

Notes: The independent variable is the forcing variable used to select schools for treatment, 

centered at the treatment cutoff. Treated schools are to the right of the cutoff. We follow 

Calonico et al. (2015) by selecting bin-width with the evenly-spaced mimicking variance method 

using spacings estimators. 

 

 

 
Figure B.3 Raw discontinuity in the average days substitutes worked at each school, 2018-19 

Notes: The independent variable is the forcing variable used to select schools for treatment, 

centered at the treatment cutoff. Treated schools are to the right of the cutoff. We follow 

Calonico et al. (2015) by selecting bin-width with the evenly-spaced mimicking variance method 

using spacings estimators. 
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Figure B.4 Raw discontinuity in unique Asian substitutes at each school, 2018-19 

Notes: The independent variable is the forcing variable used to select schools for treatment, 

centered at the treatment cutoff. Treated schools are to the right of the cutoff. We follow 

Calonico et al. (2015) by selecting bin-width with the evenly-spaced mimicking variance method 

using spacings estimators. 

 

 
Figure B.5 Raw discontinuity in unique Black substitutes at each school, 2018-19 

Notes: The independent variable is the forcing variable used to select schools for treatment, 

centered at the treatment cutoff. Treated schools are to the right of the cutoff. We follow 

Calonico et al. (2015) by selecting bin-width with the evenly-spaced mimicking variance method 

using spacings estimators. 
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Figure B.6 Raw discontinuity in unique Hispanic substitutes at each school, 2018-19 

Notes: The independent variable is the forcing variable used to select schools for treatment, 

centered at the treatment cutoff. Treated schools are to the right of the cutoff. We follow 

Calonico et al. (2015) by selecting bin-width with the evenly-spaced mimicking variance method 

using spacings estimators. 

 

 

 
Figure B.7 Raw discontinuity in unique white substitutes at each school, 2018-19 

Notes: The independent variable is the forcing variable used to select schools for treatment, 

centered at the treatment cutoff. Treated schools are to the right of the cutoff. We follow 

Calonico et al. (2015) by selecting bin-width with the evenly-spaced mimicking variance method 

using spacings estimators. 
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Figure B.8 Raw discontinuity in unique female substitutes at each school, 2018-19 

Notes: The independent variable is the forcing variable used to select schools for treatment, 

centered at the treatment cutoff. Treated schools are to the right of the cutoff. We follow 

Calonico et al. (2015) by selecting bin-width with the evenly-spaced mimicking variance method 

using spacings estimators. 

 

 

 
Figure B.9 Raw discontinuity in unique male substitutes at each school, 2018-19 

Notes: The independent variable is the forcing variable used to select schools for treatment, 

centered at the treatment cutoff. Treated schools are to the right of the cutoff. We follow 

Calonico et al. (2015) by selecting bin-width with the evenly-spaced mimicking variance method 

using spacings estimators. 
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Figure B.10 Raw discontinuity in the number of unique substitutes in 2018-19 who worked only 

at incentive schools in the prior year  

Notes: The independent variable is the forcing variable used to select schools for treatment, 

centered at the treatment cutoff. Treated schools are to the right of the cutoff. We follow 

Calonico et al. (2015) by selecting bin-width with the evenly-spaced mimicking variance method 

using spacings estimators. 

 

 

 
Figure B.11 Raw discontinuity in the number of unique substitutes in 2018-19 who worked only 

at non-incentive schools in the prior year  

Notes: The independent variable is the forcing variable used to select schools for treatment, 

centered at the treatment cutoff. Treated schools are to the right of the cutoff. We follow 

Calonico et al. (2015) by selecting bin-width with the evenly-spaced mimicking variance method 

using spacings estimators. 
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Figure B.12 Raw discontinuity in the number of unique substitutes in 2018-19 who worked only 

at both incentive and non-incentive schools in the prior year  

Notes: The independent variable is the forcing variable used to select schools for treatment, 

centered at the treatment cutoff. Treated schools are to the right of the cutoff. We follow 

Calonico et al. (2015) by selecting bin-width with the evenly-spaced mimicking variance method 

using spacings estimators. 

 

 
Figure B.13 Raw discontinuity in the number of unique substitutes new to the roster in 2018-19 

Notes: The independent variable is the forcing variable used to select schools for treatment, 

centered at the treatment cutoff. Treated schools are to the right of the cutoff. We follow 

Calonico et al. (2015) by selecting bin-width with the evenly-spaced mimicking variance method 

using spacings estimators. 
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Figure B.14 Raw discontinuity in the number of unique substitutes in 2018-19 not observed in 

the prior year 

Notes: The independent variable is the forcing variable used to select schools for treatment, 

centered at the treatment cutoff. Treated schools are to the right of the cutoff. We follow 

Calonico et al. (2015) by selecting bin-width with the evenly-spaced mimicking variance method 

using spacings estimators. 

 

 
Figure B.15 Raw discontinuity in average substitute commute time 2018-19 

Notes: The independent variable is the forcing variable used to select schools for treatment, 

centered at the treatment cutoff. Treated schools are to the right of the cutoff. We follow 

Calonico et al. (2015) by selecting bin-width with the evenly-spaced mimicking variance method 

using spacings estimators. 
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Figure B.16 Raw discontinuity in unique substitutes commuting less than ten minutes in 2018-19 

Notes: The independent variable is the forcing variable used to select schools for treatment, 

centered at the treatment cutoff. Treated schools are to the right of the cutoff. We follow 

Calonico et al. (2015) by selecting bin-width with the evenly-spaced mimicking variance method 

using spacings estimators. 

 

 
Figure B.17 Raw discontinuity in unique substitutes commuting 10 to 20 minutes in 2018-19 

Notes: The independent variable is the forcing variable used to select schools for treatment, 

centered at the treatment cutoff. Treated schools are to the right of the cutoff. We follow 

Calonico et al. (2015) by selecting bin-width with the evenly-spaced mimicking variance method 

using spacings estimators. 
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Figure B.18 Raw discontinuity in unique substitutes commuting >20 minutes in 2018-19 

Notes: The independent variable is the forcing variable used to select schools for treatment, 

centered at the treatment cutoff. Treated schools are to the right of the cutoff. We follow 

Calonico et al. (2015) by selecting bin-width with the evenly-spaced mimicking variance method 

using spacings estimators. 

 

 
Figure B.19 Raw discontinuity in teacher-level absences in 2018-19 

Notes: The independent variable is the forcing variable used to select schools for treatment, 

centered at the treatment cutoff. Teachers working in treated schools are to the right of the cutoff. 

We follow Calonico et al. (2015) by selecting bin-width with the evenly-spaced mimicking 

variance method using spacings estimators. 
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Figure B.20 Raw discontinuity in teacher-level retention in 2018-19 

Notes: The independent variable is the forcing variable used to select schools for treatment, 

centered at the treatment cutoff. Teachers working in treated schools are to the right of the cutoff. 

We follow Calonico et al. (2015) by selecting bin-width with the evenly-spaced mimicking 

variance method using spacings estimators. 

 

 

 
Figure B.21 Raw discontinuity in teacher-level transfers in 2018-19 

Notes: The independent variable is the forcing variable used to select schools for treatment, 

centered at the treatment cutoff. Teachers working in treated schools are to the right of the cutoff. 

We follow Calonico et al. (2015) by selecting bin-width with the evenly-spaced mimicking 

variance method using spacings estimators. 
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Figure B.22 Raw discontinuity in teacher-level district exits in 2018-19 

Notes: The independent variable is the forcing variable used to select schools for treatment, 

centered at the treatment cutoff. Teachers working in treated schools are to the right of the cutoff. 

We follow Calonico et al. (2015) by selecting bin-width with the evenly-spaced mimicking 

variance method using spacings estimators. 

 

 
Figure B.22 Raw discontinuity in student-level math test scores in 2018-19 

Notes: The independent variable is the forcing variable used to select schools for treatment, 

centered at the treatment cutoff. Students in treated schools are to the right of the cutoff. We 

follow Calonico et al. (2015) by selecting bin-width with the evenly-spaced mimicking variance 

method using spacings estimators. 
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Figure B.23 Raw discontinuity in student-level ELA test scores in 2018-19 

Notes: The independent variable is the forcing variable used to select schools for treatment, 

centered at the treatment cutoff. Students in treated schools are to the right of the cutoff. We 

follow Calonico et al. (2015) by selecting bin-width with the evenly-spaced mimicking variance 

method using spacings estimators. 

 

 
Figure B.24 Month-level regression discontinuity estimates, 2019-20 

Notes: We plot average treatment effects at the 125th school cutoff from our RD model on fill-

rates for specific months during the school year, controlling for school-level covariates. Vertical 

bars demarcate 95% confidence intervals for each estimate. 
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Figure B.25 Raw discontinuity in unique substitutes at each school, 2019-20 

Notes: The independent variable was used to select schools for treatment in the second program 

year, centered at zero. Treated schools are to the right of the cutoff. We follow Calonico et al. 

(2015) by selecting bin-width with the evenly-spaced mimicking variance method using spacings 

estimators. 

 

 
Figure B.26 Raw discontinuity in the average days substitutes worked at each school, 2019-20 

Notes: The independent variable was used to select schools for treatment in the second program 

year, centered at zero. Treated schools are to the right of the cutoff. We follow Calonico et al. 

(2015) by selecting bin-width with the evenly-spaced mimicking variance method using spacings 

estimators. 
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Figure B.27 Raw discontinuity in number of Asian substitutes at each school, 2019-20 

Notes: The independent variable was used to select schools for treatment in the second program 

year, centered at zero. Treated schools are to the right of the cutoff. We follow Calonico et al. 

(2015) by selecting bin-width with the evenly-spaced mimicking variance method using spacings 

estimators. 

 

 

 
Figure B.28 Raw discontinuity in number of Black substitutes at each school, 2019-20 

Notes: The independent variable was used to select schools for treatment in the second program 

year, centered at zero. Treated schools are to the right of the cutoff. We follow Calonico et al. 

(2015) by selecting bin-width with the evenly-spaced mimicking variance method using spacings 

estimators. 
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Figure B.29 Raw discontinuity in number of Hispanic substitutes at each school, 2019-20 

Notes: The independent variable was used to select schools for treatment in the second program 

year, centered at zero. Treated schools are to the right of the cutoff. We follow Calonico et al. 

(2015) by selecting bin-width with the evenly-spaced mimicking variance method using spacings 

estimators. 

 

 

 

 
Figure B.30 Raw discontinuity in number of white substitutes at each school, 2019-20 

Notes: The independent variable was used to select schools for treatment in the second program 

year, centered at zero. Treated schools are to the right of the cutoff. We follow Calonico et al. 

(2015) by selecting bin-width with the evenly-spaced mimicking variance method using spacings 

estimators. 
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Figure B.31 Raw discontinuity in number of female substitutes at each school, 2019-20 

Notes: The independent variable was used to select schools for treatment in the second program 

year, centered at zero. Treated schools are to the right of the cutoff. We follow Calonico et al. 

(2015) by selecting bin-width with the evenly-spaced mimicking variance method using spacings 

estimators. 

 

 
Figure B.32 Raw discontinuity in number of male substitutes at each school, 2019-20 

Notes: The independent variable was used to select schools for treatment in the second program 

year, centered at zero. Treated schools are to the right of the cutoff. We follow Calonico et al. 

(2015) by selecting bin-width with the evenly-spaced mimicking variance method using spacings 

estimators. 
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Figure B.33 Raw discontinuity in the number of unique substitutes in 2019-20 who worked only 

at incentive schools in the prior year 

Notes: The independent variable was used to select schools for treatment in the second program 

year, centered at zero. Treated schools are to the right of the cutoff. We follow Calonico et al. 

(2015) by selecting bin-width with the evenly-spaced mimicking variance method using spacings 

estimators. 

 

 
Figure B.34 Raw discontinuity in the number of unique substitutes in 2019-20 who worked only 

at non-incentive schools in the prior year 

Notes: The independent variable was used to select schools for treatment in the second program 

year, centered at zero. Treated schools are to the right of the cutoff. We follow Calonico et al. 

(2015) by selecting bin-width with the evenly-spaced mimicking variance method using spacings 

estimators. 
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Figure B.35 Raw discontinuity in the number of unique substitutes in 2019-20 who worked only 

at both incentive and non-incentive schools in the prior year 

Notes: The independent variable was used to select schools for treatment in the second program 

year, centered at zero. Treated schools are to the right of the cutoff. We follow Calonico et al. 

(2015) by selecting bin-width with the evenly-spaced mimicking variance method using spacings 

estimators. 

 

 
Figure B.36 Raw discontinuity in the number of unique substitutes new to the roster in 2019-20  

Notes: The independent variable was used to select schools for treatment in the second program 

year, centered at zero. Treated schools are to the right of the cutoff. We follow Calonico et al. 

(2015) by selecting bin-width with the evenly-spaced mimicking variance method using spacings 

estimators. 
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Figure B.37 Raw discontinuity in the number of unique substitutes in 2019-20 who worked only 

at incentive schools in the prior year 

Notes: The independent variable was used to select schools for treatment in the second program 

year, centered at zero. Treated schools are to the right of the cutoff. We follow Calonico et al. 

(2015) by selecting bin-width with the evenly-spaced mimicking variance method using spacings 

estimators. 

 

 
Figure B.38 Raw discontinuity in teacher-level total absences in 2019-20  

Notes: The independent variable was used to select schools for treatment in the second program 

year, centered at zero. Teachers working in treated schools are to the right of the cutoff. We 

follow Calonico et al. (2015) by selecting bin-width with the evenly-spaced mimicking variance 

method using spacings estimators. 
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Figure B.39 Raw discontinuity in teacher-level retention in 2019-20  

Notes: The independent variable was used to select schools for treatment in the second program 

year, centered at zero. Teachers working in treated schools are to the right of the cutoff. We 

follow Calonico et al. (2015) by selecting bin-width with the evenly-spaced mimicking variance 

method using spacings estimators. 

 

 
Figure B.40 Raw discontinuity in teacher-level transfers in 2019-20  

Notes: The independent variable was used to select schools for treatment in the second program 

year, centered at zero. Teachers working in treated schools are to the right of the cutoff. We 

follow Calonico et al. (2015) by selecting bin-width with the evenly-spaced mimicking variance 

method using spacings estimators. 
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Figure B.41 Raw discontinuity in teacher-level exits in 2019-20  

Notes: The independent variable was used to select schools for treatment in the second program 

year, centered at zero. Teachers working in treated schools are to the right of the cutoff. We 

follow Calonico et al. (2015) by selecting bin-width with the evenly-spaced mimicking variance 

method using spacings estimators. 
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Table B.1: Effects of Targeted Incentives on Substitute Labor Supply 2019-20 75th 

School Cutoff 

  
Incentive school 

mean 2017-18 
  (1) (2) 

Panel A. Substitute behavior measures 

Substitute request fill rate 0.47   0.22** 0.21** 

      (0.10) (0.09) 

Number of unique substitutes at a 

school 
50.40   29.10*** 27.81*** 

    (8.89) (6.79) 

Average substitutes' total days 

worked at a school 
4.65   -2.57 -1.49 

    (2.39) (2.48) 

Panel B. Number of unique subs in 2019-20 by prior work history 

Prior work in treated schools only 0.73   1.70*** 1.89*** 

   (0.42) (0.33) 

Prior work in comparison schools 

only 
5.47   1.10 0.08 

   (2.80) (1.92) 

Prior work in both treated & 

comparison schools 
27.73   22.62*** 22.34*** 

    (4.76) (4.01) 

New to the substitute roster 13.11   2.62 2.68* 

   (2.07) (1.52) 

Lapsed substitutes 3.36   1.05 0.81 

     (0.67) (0.56) 

School covariate vector     No Yes 

n     75 75 

Notes: Heteroskedasticity-robust standard errors are reported in parentheses (* p<.10, 

** p<.05, *** p<.01). Models exclude schools sorted into treatment in 2019-20.  

Schooling-level fixed effects are included in all models.  The school covariate vector 

includes controls for student body race demographics, representation of free/reduced 

price lunch eligibility, special education status, English as a second language status, 

total school enrollment, and lagged school-level math and ELA achievement. 

Observations within the bandwidth of +/- 0.11 are weighted by a uniform kernel. The 

pre-treatment mean reported is for the initial 75 treated schools. 
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Table B.2: Heterogeneous Effects of Targeted Incentives on Substitute Labor 

Supply 2019-20 75th School Cutoff 

  
Incentive school mean 

2017-18 
  (1) (2) 

Panel A. Substitute localness 

Number of substitutes 

commuting <10min 
9.05   2.80 2.25* 

    (1.76) (1.25) 

Number of substitutes 

commuting 10-20min 
17.52   7.64** 7.37*** 

    (3.06) (2.43) 

Number of substitutes 

commuting >20min 
22.29   7.69*** 6.64*** 

    (2.92) (2.41) 

Panel B. Number of unique substitutes in 2018-19 by demographic groups 

Asian 0.64   1.36** 0.55 

   (0.58) (0.40) 

Black 30.96   18.14** 23.24*** 

   (7.13) (6.06) 

Latinx 3.95   2.09 0.62 

    (2.25) (0.74) 

White 9.81   4.89 1.44 

   (3.10) (1.77) 

Female 37.23   21.43*** 21.44*** 

      (7.33) (5.43) 

Male 13.17   7.67*** 6.36*** 

      (2.40) (1.85) 

School covariate vector     No Yes 

n     75 75 

Notes: Heteroskedasticity-robust standard errors are reported in parentheses (* 

p<.10, ** p<.05, *** p<.01). Models exclude schools sorted into treatment in 

2019-20.  Schooling-level fixed effects are included in all models.  The school 

covariate vector includes controls for student body race demographics, 

representation of free/reduced price lunch eligibility, special education status, 

English as a second language status, total school enrollment, and lagged school-

level math and ELA achievement. Observations within the bandwidth of +/- 0.11 

are weighted by a uniform kernel.  
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Table B.3: Effects of Targeted Incentives on Teacher Outcomes 2019-20 75th School 

Cutoff 

  
Incentive school 

mean 2017-18 
  (1) (2) 

Total absences 11.700   1.739 2.506*** 

   (1.380) (0.844) 

Retained at school 0.780   -0.051 -0.038 

   (0.053) (0.040) 

Transferred 0.115   0.025 0.004 

    (0.032) (0.032) 

Left district 0.104   0.026 0.034 

   (0.037) (0.027) 

School covariate vector     No Yes 

Teacher covariate vector   No Yes 

n     1,684 1,684 

Notes: Heteroskedasticity-robust standard errors are reported in parentheses (* p<.10, ** 

p<.05, *** p<.01). Models exclude schools sorted into treatment in 2019-20.  Schooling-

level fixed effects are included in all models.  The school covariate vector includes 

controls for student body race demographics, representation of free/reduced price lunch 

eligibility, special education status, English as a second language status, total school 

enrollment, and lagged school-level math and ELA achievement. The teacher covariate 

vector includes binned tenure indicators (3-5, 6-10, 11-20, 21+ years, with 0-2 years 

omitted), gender, and race / ethnicity indicators. Observations within the bandwidth of +/- 

0.11 are weighted by a uniform kernel. 
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Table B.4: Regression discontinuity estimates for teacher absence types, 2019-20 

  
Incentive school 

mean 2017-18 
  (1) (2) 

Total Absences 12.56   4.315** 3.502** 

   (1.782) (1.510) 

Sick 5.45    -0.009 -0.362 

   (0.482) (0.397) 

Personal day 2.03   0.250* 0.155 

    (0.143) (0.123) 

Professional development 2.49    2.903* 2.884* 

   (1.741) (1.527) 

Leave of absence 1.42   0.162 0.033 

     (0.308) (0.306) 

School covariate vector     No Yes 

Individual covariate vector     No Yes 

n     2174 2174 

Notes: Heteroskedasticity-robust standard errors are reported in parentheses (* p<.10, 

** p<.05, *** p<.01). Models exclude the 75 schools sorted into treatment in 2018-19. 

Schooling-level fixed effects are included in all models. The school covariate vector 

includes controls for student body race demographics, representation of free/reduced 

price lunch eligibility, special education status, English as a second language status, 

total school enrollment, and lagged school-level math and ELA achievement. 

Observations within the bandwidth of +/- 0.10 are weighted by a uniform kernel. The 

pre-treatment mean reported is at the teacher-level, for the 50 treated schools added to 

treatment in 2019-20. 
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Table B.5. Sensitivity Analysis for 2019-20 125th Cutoff Regression Discontinuity 

  (1) (2) 

Panel A. Exclude Top 25% of Schools by % of Substitutes Worked at Both 

Treatment and Comparison Schools Last Year 

Substitute request fill rates 0.25*** 0.24*** 

  (0.04) (0.04) 

  n=61 

Panel B. Exclude Top 50% of Schools by % of Substitutes Worked at Both 

Treatment and Comparison Schools Last Year 

Substitute request fill rates 0.16** 0.25*** 

  (0.07) (0.05) 

  n=38 

Panel C. Exclude Top 25% of Schools by Number of Treated Schools Within 3 Miles 

Substitute request fill rates 0.18*** 0.18*** 

  (0.04) (0.04) 

  n=59 

Panel D. Exclude Top 50% of Schools by Number of Treated Schools Within 3 Miles 

Substitute request fill rates 0.22*** 0.18*** 

  (0.04) (0.04) 

  n=44 

School covariate vector No Yes 

Notes: Heteroskedasticity-robust standard errors are reported in parentheses (* p<.10, 

** p<.05, *** p<.01). We include schooling-level fixed effects and our school 

covariate vector in all models. Observations are weighted by a uniform kernel. 

Estimation Bandwidth is 0.10 for all panels. All models exclude the initial 75 treated 

schools, focusing on the 125th treatment-school cutoff. 

 


