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Abstract: More than 1,000 U.S. school districts nationally have had at least one charter school
within its boundaries. In prior work, using a generalized difference-in-differences (GDD)
method, we found that increasing charter market share in these locations leads to small positive
market-level effects on high school graduation and elementary/middle test scores. These reflect
the net effects of various mechanisms—participant effects, various competitive effects, and
matching effects. The present study focuses on effect heterogeneity of these market-level effects,
using both GDD and machine learning (causal forests). We find considerable variation in these
market-level effects across states and districts. Student demographic measures are, collectively,
more important than measures related to market context, school funding, or other charter-related
policies. Specifically, charter effects are generally larger in districts with more racial minorities
and low-income students (especially when test scores are the outcome). School funding plays a
complex role because market-level effects are generated by the responses of both charter schools
and traditional public schools, whose finances are interconnected. Aside from the above, the
results are inconsistent when we switch from test scores to high school graduation rates as the
dependent variable. This may suggest that the forces making charter schools effective in raising
test scores on average also make them ineffective in raising high school graduation.
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I. Introduction

Research consistently shows that charter schools have positive effects on the achievement
of students who attend them (e.g., Sass 2006, Booker et al. 2007, Hoxby and Rockoff 2005,
Abdulkadiroglu et al. 2011, Angrist et al. 2016) as well as perhaps high school graduation (Chen
& Harris, 2023).! However, as in other contexts, the average can mask what might be equally
important variation. Charter school participant effects vary across states (CREDO, 2023), across
cities (Angrist et al., 2016; Harris & Larsen, 2023; Chin et al., 2017) and across schools within
states (Baude et al., 2014). The overall variation of charter effects is wider than traditional public
schools, i.e., a large share of charter schools perform worse than the lowest-performing
traditional public schools—and, conversely, the best charter schools are better than the highest-
performing traditional public schools (Baude et al., 2020).

This wider variation is partially predictable. First, a key objective of charter school
movement, from the beginning, was to create greater variety, or product differentiation (Glomm,
Harris, & Lo, 2004; Gilraine et al., 2021). Variation was therefore part of the design. Second,
and related, charter schooling relies more on market accountability and parents vary in their
preferences for typically measured academic outcomes (Harris & Larsen, 2023; Beuermann et
al., 2023), which amplifies that potential variety. Third, charter schools are less tightly regulated
than traditional public schools. The rules imposed on traditional public schools (e.g., over

personnel) might keep them from reaching their potential performance ceilings but also maintain

!'See Cohodes and Roy (2023) for a review of lottery studies that include both test scores and high school
graduation. Our conclusion here is very similar to their review. However, Cohodes and Roy (2023) report four
lottery studies that have examined effects on high school graduation. Three of these have negative point estimates
(Angrist et al. 2016; Cohodes & Feigenbaum, 2023; Angrist et al., 2023) and one shows positive effects (Dobbie &
Fryer, 2011). However, this is a selected sub-sample of over-subscribed schools, whereas Chen and Harris (2023)
find positive market-level effects when looking at the entire country.

2



a floor below which performance cannot fall.> Weakening these rules allows charter performance
to spread out in both directions.

As more than one thousand school districts have had at least one charter school, there is
much more to learn about how and why charter effects vary so wildly. Since the first charter
school opened in Minnesota in 1990, charter schooling has grown so that seven percent of all
school-age children in the U.S. now attend one, nearing the number of students in private
schools. More recently, Republican-leaning states have also seen the expansion of universal
education savings accounts or “super-vouchers.” While we know less about the performance of
the private schools where these funds are used, there is good reason to expect even wider
variation in market-level effects from vouchers.? Understanding the variation in charter school
effects therefore provides a window into school choice policies generally.

In this study, we attempt to better understand the variation in charter school effectiveness
in a nationwide analysis of the “market-level” charter school effects. While some prior work has
focused on variation in participant effects (CREDO, 2023; Baude et al., 2020), we consider
variation in the full array of charter mechanisms: not only participant effects but also four other
mechanisms: near competitive effects on the closest public schools (Hoxby 2003, Bettinger 2005,
Bifulco and Ladd 2006, Sass 2006, Zimmer and Buddin 2009, Imberman 2011, Linick 2014,
Cordes 2018, Ridley and Terrier 2022, Griffith 2019, Slungaard Mumma 2022), far competitive

effects on other traditional public schools located within geographic school district (Hess 2004,

2 There is also some evidence that rules about charter student admissions are not enforced and/or that charter schools
do not follow these rules. For example, in an audit study, Bergman and McFarlin (2020) find that charter schools are
less likely to respond to emails from fictitious parents indicating their children have disabilities. More generally,
charter schools have at least 20 different ways to select students, often in indirect ways (Harris, 2020, Mommandi &
Welner, 2021). This could make the variation in charter school performance look wider than it really is.

* The variation in private school effects is likely to be even wider because they face even less regulation and are
allowed to charge tuition, which varies from an average of less than $10,000 per student to upwards of $150,000,
signaling widely varying resource and outcome levels.



Holley, Egalite, and Lueken 2013; Figlio, Hart, and Karbownik 2022),* closure effects on low-
performing traditional public schools (Engberg et al. 2012, Bross, Harris, and Liu 2023, Carlson
and Lavertu 2016), and match effects (Abdulkadiroglu, Agarwal, and Pathak 2017; Campos and
Kearns 2022). When a charter school opens in a given geographic district, all of these
mechanisms may be at work, although the participant effects seem to comprise about two-thirds
of the total effect (Chen and Harris, 2023).5

Following Chen and Harris’s (2023) analysis of average market-level treatment effects,
we start with a generalized difference-in-differences (GDD) method and add interaction terms to
understand effect heterogeneity. We are also among the first to compare effect heterogeneity
from quasi-experimental methods with a machine learning approach, specifically causal forests
(CF). This method was originally devised for effect heterogeneity analysis with randomized
control trials (RCTs). The CF method avoids issues such as the multiple comparisons problem,
selective reporting of interactions (i.e., “fishing”), and overly stringent parametric assumptions.
Our analysis directly compares the two methods in the context of an important policy question
and national data.

With both methods, the data come mainly from the National Longitudinal School
Database (NLSD), which includes nearly all districts in the U.S. from school years 1995 to 2018.
With both the GDD and CF, estimate the market-level effects of charter entry on a weighted
average of outcomes of all TPS and charter schools located within each local market, i.e., the

geographic school district. Both methods account for all time-invariant differences across

4 There is very little evidence on far competitive effects. These citations are mainly case studies of individual
districts. Also, the Figlio et al. citation refers to district responses to private schools.

5 In addition to Chen and Harris (2023), a few prior studies have examined the total or market-level effects of charter
schools (Gilraine, Petronijevic, and Singleton 2021, Ridley and Terrier 2022, Harris and Larsen 2023). Mehta
(2017) and Ferreyra and Kosenok (2018) have also developed and estimated structural models of charter school
entry, school input choices, and student school choices.



districts and assumes that there are no time-varying unobserved factors that are correlated with
both changes in charter market share and changes in student outcomes.

Using the GDD method and the same data, Chen and Harris (2023) found that when
charter market share increases by 10 percentage points, geographic district test scores increase by
0.01 standard deviations and high school graduation rates increase by 1-2 percentage points, on
average. These analyses pass various endogeneity tests (e.g., placebos, parallel trends, and
changes in observable demographics) suggesting that they reflect causal effects. Since these
average treatment effects are based on more than a thousand treated districts, these data and
methods allow ample opportunity to study how the effects vary.

A general challenge with effect heterogeneity analysis is that there are so many possible
dimensions that some are bound to show up as statistically significant by chance—the multiple
comparisons problem. For this reason, theory places a key role in narrowing down the potential
options and avoiding spurious relationships. The next section therefore outlines theories
regarding why the variation in effects across units might be related to characteristics/traits of
those units, such as demographics, teacher supply, and district/state policies.

In our preliminary results, we find suggestive evidence that charter effects are more
positive for low-income students and perhaps racial/ethnic minorities. We also find more
positive effects in districts with higher initial test score levels. Prior research has also found
suggestive evidence that charter effects are especially large in cities that are attractive to young
people and prospective teachers, e.g., Boston Angrist et al. (2016) and New Orleans (Harris &
Larsen, 2023). When we look at this nationally, however, we see no evidence that charter effects
are related to the general attractiveness of cities, at least not after we control for average local

income. Also, we see no evidence that geographic districts with university-based schools of



education, another source of potential educator supply, are related to charter market-level effects,
ceteris paribus.

We also study how charter effects vary by district and state policies: school funding,
charter accountability, and other policies. We examine school funding in multiple ways, starting
with direct measures of spending by both charter schools and traditional public schools (TPS).6
As explained in the theory section, we include TPS funding because we are estimating market-
level effects that depend partially on TPS competitive responses, which in turn may depend on
their funding. Specifically, we consider the TPS-charter funding gap and overall spending per-
pupil, averaged across TPS and charter schools. The market-level effects are larger where the
local TPS-charter funding gap is larger. This might seem surprising but could reflect the
formulaic connection between the TPS-charter funding gap and the effect that charter entry has
on TPS funding.

Our measures of school spending are subject to considerable error (e.g., some funds pass
through school districts on their way to charter schools, but it is difficult to know how they are
being accounted for). For that reason, we also study school funding using “charter funding
equity” ratings from industry groups that advocate on behalf of charter schools. These groups are
well acquainted with how funding actually flows, in ways that our data might not reflect. The
results provide suggestive evidence that charter effects are larger when states give charter
schools more funding, relative to TPS.

We use the same industry group policy ratings to study other aspects of charter school
policies. The results also provide suggestive evidence that charter effects are larger when states

have weaker rules around the transparency of charter applications and renewal decisions.

¢ We use the term “traditional public schools” (TPS) because charter schools, legally speaking are also public
schools or at least have ambiguous public status.



However, in general, non-funding policy seems to play a small role in explaining market-level
effects.

The above analyses have practical implications for policy, e.g., how all schools are
funded and how charter schools are held accountable. They also have implications for
authorizers who have the ability to direct charter schools to particular locations where they are
likely to do the most good. Another important policy topic is whether there is some optimal
charter market share. These shares range from 0 percent, in most districts to a national average of
7 percent, to an extreme of essentially 100 percent in New Orleans and elsewhere. However, we
find almost no evidence of diminishing marginal returns to charter market share, except possibly
in high school graduation rates. Also, we theorize that charter effects might be smaller in districts
where enrollment is growing quickly versus those where it is declining, but we see no evidence
of this either.

The paper proceeds as follows. Section II outlines a theory of effect heterogeneity for
charter schools. Section III introduces the data, drawing heavily from the Chen and Harris
(2020). Section IV discusses the methods and identification, for both the GDD and CF methods.

The results are shown in section V. Section VI concludes.

II. Theory

In parametric econometric methods, theory is important in effect heterogeneity analysis
because there are usually large number of potential dimensions that can be studied and the odds
of finding some statistically significant patterns by chance are high (the multiple comparisons
problem). That is, it is easy to “fish” for some statistically significant pattern. Theory makes this

less likely as it directs analysis to dimensions where we have good reasons to expect patterns.



Most of the empirical literature on the effect heterogeneity of charter schools has focused on
dimensions that are commonly used in social science, but which are not firmly grounded in
theory. In this section, we draw on the economic theory of the consumer and the firm, modified
to address unusual features of the schooling market.

We avoid some of these problems by using the CF method but theory is still important.
Spurious findings are still possible with this non-parametric method. Also, theory is helpful for
interpreting many of the results, especially as we propose several new theories about why charter
effects might vary.

II.A. Basic Model

We begin with certain economic assumptions that apply to all households and schools.
Regarding the consumer, suppose that households maximize utility, which includes consumption
and the well-being of their children (e.g., schooling outcomes). All households prefer higher
levels of academic quality ¢ (i.e., schools with larger participant effects) but vary in their tastes
for a single other output 4 (e.g., religious instruction or sports).” They also vary in their incomes,
which are positively correlated with the baseline achievement of their children.

Regarding the producer, suppose that each school can be placed in the product space
{q, h}. Each of these two outputs has a single known production function. We assume, consistent
with empirical data, that schools are run by non-profit organizations and, further, that these non-
profits maximize revenue, all of which comes from state governments.® This implies that the

price of schooling to consumers, both TPS and charter schools, is zero.

7 This approach and notation follows Glomm, Harris, and Lo (2004).
8 We ignore the tax structure that generates this revenue and just assume for simplicity a lump sum tax.
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In the first period, we have only traditional public schools (TPS-only) that are run by the
local school board. Households sort themselves, in a Tiebout (1956) sense, into TPS-only
districts based on how well their tastes match the schooling characteristics. TPSs vary on ¢
because of: (a) variation in spending, which comes from taxation on local households; and (b)
random shocks in the efficiency of resource use. Output /4 is constant and normalized to 2=0
(e.g., TPS cannot teach religion or they all provide sports). Since all households prefer higher g,
and it is a normal good, households sort by income, allowing higher-income households to obtain
higher ¢.

In the second period, some states adopt charter school laws that allow charter schools to
open. Unlike TPS, charter schools can locate anywhere in the product space, including #>0.
Similar to Glomm, Harris, and Lo (2004), charter schools choose to locate in districts where g is
low and where the relative preference for /4 is high. Charter schools vary on ¢ for the same
reasons at TPSs. We call the subset of local districts in which charter schools locate in this
second period the TPS+C districts.” TPSs might respond to this competition by improving g; this
could occur in any period depending on how TPSs perceive the threat of charter schools.

The above discussion implies that there are four relevant institutional units: schools
nested within districts nested within states, as well as (non-nested) authorizers. Whether
prospective charter schools open, and where, is generally determined by a matching process.
Schools have desired (revenue-maximizing) districts and states and desired authorizers. Unlike

states and districts, authorizers are two-sided matches—schools and authorizers are choosing one

® For simplicity, we assume there are no private schools.



another.!° This will become important when we interpret the empirical variation in effectiveness
across units.

We are ultimately interested in understanding the effects, and effect heterogeneity, on
whole markets when charter schools enter local markets, though this process is dynamic in ways
that make it difficult to determine where charter entry is most efficacious. The entry of charter
schools may result in some resorting of households across districts. But resorting may be
minimal, especially in the short run, because: (a) many charter schools do not require students to
live in the local district the way TPSs do;!'! (b) households are risk-averse and have limited
information about the characteristics of new schools when they first open; (¢) most households
with children already have their children in TPS and there is inertia with respect to school

moves; and (d) frictions in this housing market make such moves costly.!?
II.B. Effect Heterogeneity on Quality

In general, and in the present study, we can only measure charter school entry effects on
q. We know much less about where charter schools sit on the # dimension of the product space.
So, the main question this section is meant to inform is, how might the effects of charter school
entry and expansion vary on ¢? In this section, we reframe the above discussion to distinguish
the various levels of the charter school system into a generic hierarchical structure that leads to
the econometric framework discussed later. We also develop the model to facilitate the design of
our empirical framework.

11.B.1. General Framework

10 Many CMOs decide to open new charter schools while others decide whether to absorb existing charter schools.
Also, some authorizers are districts, which connects the location decision to the authorizer decision.

1 Households might decide to move to a lower-cost housing area and avoid paying for higher TPS quality, if they do
not plan to utilize TPS, but the fixed costs of moving would make this costly.

12 Resorting across districts where h-preferring households who did not initially locate in the TPS-C districts in t=1
do so in t=2; and non-h-preferring households in TPS+C districts move to TPS-Only (in t=2).
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Since the total effect of charter schools comes mainly from the participant effect (Chen &
Harris, 2023), we start by asking, where do high-quality charter schools come from? First, we
assume that (potential) charter schools have a locational choice set. As suggested above, these
potential schools decide where they wish to locate based on district characteristics. These
characteristics might include factors such as district demographics that make them most likely to
be successful in maximizing revenue. We label these location-based factors as X;'.

These are not the only factors affecting the market-level effect. The above locational
preferences become authorizers’ choice sets. Also, the effects depend on how TPS respond to
charter competition. We might expect high-quality charter schools to locate in districts with
lower-quality TPS, where charters can more easily compete and attract enrollments from lower-
performing schools.!?

We denote the market-level effect of charter school entry as g, and, based on the above
discussion, this involves multiple mechanisms such that g, = g + q¢ + q. In other words, the
charter effect is comprised of the participant effect (q;), the various competitive responses (q.),
and the improved fit between student needs and school services (g5 ). For simplicity, we initially
assume that the components are additively separable.

The participant effect is shaped by three main factors: the ability of authorizers to select
high-quality charter schools from that choice set (Bross & Harris, 2023), other supports that
authorizers might provide to facilitate school improvement, and the resources available to charter

schools (Jackson & Mackevicius, 2024; Harris & McKenzie, 2023). These, in turn, are shaped

131t is not clear whether low-performing TPS would be best able to respond to such competition. If not, this may
create a trade-off. Shifting enrollment from low-performing schools is helpful, but less between the competitive
effect and the closure effect.
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by state policies, which we consider to be exogenous in our analysis and are therefore labeled
Xp.

Recall that there are three types of competitive responses. near effects, far effects, and
closures. The competitive effects may be shaped by a variety of factors: local interest group
politics, enrollment trends, school and district leadership, and parent responses.

State policy is obviously important here and that is no more true than with statewide
charter authorizer policies. In most situations, school districts have little incentive to authorize
charter schools because this creates competition with the district’s existing TPS. It is therefore no
surprise that the presence of an independent charter authorizer (i.e., an authorizer other than the
school district itself) increases the number of charter schools that open (Harris & McKenzie,
2023). There is also some, more correlational evidence that independent authorizers tend to
select charter applications that turn out to have higher value-added (Bross, Harris, & Liu, 2023;
Harris & McKenzie, 2023). The presence of an independent authorizer might also change the
way that districts authorize. For example, if a district believes that the state will authorize a given
charter school, then the district might be more likely to recruit and/or authorize that same school

itself, so that it can maintain control over it. This is an example of a far competitive response.

We cannot observe each mechanism gy, q¢, and g directly. Instead, we focus on
observable factors that may affect these mechanisms. These include state education policies (Xp),
e.g., school funding and independent authorizers) and another factor not yet discussed: the local
market context (X;). There is some evidence that charter schools might have a greater impact in
districts where the performance of TPS is low to start with (Chen & Harris, 2023) and where
entering charter schools have missions that align with TPS, so that there is more direct

competition.

12



The above framework is intended to set up an empirical model that we can estimate with
the available data. Later, we start our analysis by estimating the effect of charter entry in each
market. We note that these estimates will contain measurement error such that q,, = gy, + €.
Substituting from above, this implies further that q,, = X, + X; + &,,, which we can empirically
estimate. This does not allow us to isolate the participant, competitive, and fit responses, which
have been examined elsewhere using other methods (Chen & Harris, 2023; Chin et al. 2019;
Harris & Liu, 2019). However, as we will see in the next two sections, this framework does lead
to hypotheses that inform policy design. We discuss theory pertaining to two broad categories of
traits. The location/household characteristics include TPS quality, household income, and
taste/demographic diversity. The policy characteristics include school spending, state charter
policies, teacher supply, and teacher unionization.

I1.B.2. Effect Heterogeneity by Location (Non-Policy) Characteristics

School Quality. As noted above, households vary in their children’s baseline
achievement, household incomes, and tastes for 4. By definition, baseline achievement refers to
achievement prior to school entry (i.e., it is not an outcome of current g). It could be that “skill
begets skill” so that otherwise identical high-achieving students benefit more from higher
charter-induced g. On the other hand, when ¢ is high to begin with, it is less likely that newly
entering charter schools have higher g than the market (or just nearby schools), which would
imply the opposite relationship. Also, we would expect that high-g locations are closer to the
production frontier and have room for improvement.

Parent Income. We might expect that local markets with higher household income would
see small improvements in g because they have already sorted into districts with high TPS ¢g. On

the other hand, charter entry might mean that the higher demand for ¢ among higher-income
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households leads to larger competitive pressures that increase ¢ more. Which of these effects
dominates depends on the underlying causes of variation in ¢ among TPSs (and charter schools).
In practice, it seems that charter participant effects (Cohodes & Parham, 2021) and market-level
effects (Chen & Harris, 2023) are larger in lower-income areas.

Demographic Diversity. It is not obvious that charter schools should have any particular
effect on different racial groups except insofar as race is correlated with other income and
baseline achievement. However, we do know that charter schools tend to locate in areas that are
more diverse on income and race (Glomm, Harris, & Lo, 2004). That locational preference is
likely driven by demand and potential revenue generation, especially if income/race diversity is a
proxy for tastes and there is pent-up demand for alternatives, given TPS tendency toward
uniformity.

I1.B.3. Effect Heterogeneity by Teacher Variables

Teacher Supply. Prior research suggests that charter schools operate under different
production functions than TPSs; in particular, they rely more heavily on management in general,
and business-oriented management in particular (Harris, 2020); they also hire younger teachers
who are less likely to have traditional teaching credentials. This means that, in any given
location, TPS and charter schools may have unequal access to their core inputs. They are looking
for educators with different backgrounds. This is a central issue given that education is a service
where the core input is almost entirely labor and the apparent importance of teacher quality in the
education production function (e.g., Chetty, Friedman & Rockoff, 2014a).

Teacher Union Power. Teacher unions have the power to block certain changes,
including the entry of charter schools. They also seem to influence TPS quality, positively by

increasing school spending and negatively in other ways (Marianno, forthcoming). But we are
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controlling for both of these factors—school spending and TPS quality—in the analysis, so our
main hypothesis is that unions block charter schools that are likely to attract many students,
meaning that the charter effects we do observe will be smaller and possibly negative. (This is
still in progress.)

I1.B.4. Effect Heterogeneity by School Spending

State government policy toward charter schools can vary on three main dimensions:
funding, accountability, and regulation. Empirically, charter schools receive less government
revenue per-pupil and are subject to less regulation (e.g., charter teachers are generally not
organized under collective bargaining). However, the extent of these differences can vary across
states (and across authorizers within states). This is important, given evidence that increased
school funding usually improves student outcomes, at least for low-income students. We discuss
each of these below in turn.

Charter School Funding. School funding typically improves school quality (Jackson &
Mackevicius, 2024), so we (initially) expect the charter participant effects, and therefore the
market-level effects, to be larger when charter school funding is higher. But the issue is more
complex than that. The effect of charter schools on market-level outcomes depends mostly on the
relationship between charter spending and TPS spending. Where there is a large charter spending
gap, it will be more difficult for charter schools to be more effective than TPS and attract
students.

TPS School Funding Sensitivity. Even supposing a TPS-charter funding gap of zero, there
is a second issue: When charter schools enter and shift enrollment from TPS, what happens to
TPS revenue and what does this mean for how TPS respond to charter entry, i.e., competitive

effects? TPS likely have a greater ability to respond when there are hold harmless or other
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provisions that confine funding losses from enrollment declines; however, those same provisions
also reduce the incentive for TPSs to respond. This trade-off of input capacity and pressure
makes it unclear whether TPS enrollment/funding sensitivity should be positively or negatively
related to student outcomes. We also note that TPS funding sensitivity to charter entry is likely
positively correlated with the charter funding levels discussed above, which shape the participant
effect. If TPS lose considerable funding, then charter schools probably gain more of that
funding.'*

Average spending across TPS and charter schools. Another way to look spending is in
terms of total spending across all schools (per pupil). That is, we can measure total spending
across all schools, charter plus TPS, and divide by the total number of students across those
schools.!> To the extent that TPS are funded by local property taxes that they are not required to
turn over to charter schools based on enrollment shifts, TPS funding per-pupil will increase. The
overall average funding per pupil (TPS plus charter) would also increase unless charter spending
per pupil is very low (below what TPSs lose). At the other extreme, if all of the funding shifts
from TPS to charter schools based on enrollment, then average per-pupil funding would be
unchanged. A key implication of this is that funding per-pupil is likely to increase and unlikely
to drop. This could be a partial explanation for the overall positive charter treatment effect (Chen

& Harris, 2023).

14 We expect that two main elements of state policy will affect these measures of TPS school spending. The first is
the share of funding coming from states, which is generally on a formula-based per-pupil allotment. The second is
hold harmless provisions that protect TPS from losses in the share of funding coming from the state. In states with
100-percent local property tax funding, TPS have little to lose in the short run and we can expect the competitive
effects to be more limited. Again, the direction of this effect is unclear because of the possible trade-off between
capacity and pressure. Also, note that increased charter school spending (see prior sub-section) will tend to go
along with larger drops in TPS funding when students shift to charter schools. Our analysis will control for charter
spending, but there could also be multicollinearity issues that make it difficult to separate the two.

15 For reasons explained later, we can measure this more accurately.
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For the reasons above, it is still not clear whether higher average spending should be
associated with better outcomes because more spending in total could mean that TPS do not have
to respond. However, we can learn something about the net effect of total spending by estimating
the effects on total spending and spending by sector. If the effect of total spending is null, for
example, then we might be able learn whether this is because TPS lost minimal funds and did not
respond.

In the analysis, we estimate the effect heterogeneity by simple charter spending, charter
funding gap and charter and TPS funding level. We also estimate the average effect of charter
entry on total spending per pupil to understand the mechanisms at work.

I1.B.5. Effect Heterogeneity by Other (Non-Funding) State Policies

Charter effects on schooling markets might depend not only on how they are funded but
how they are regulated, especially through state law. It is often difficult to capture regulation,
but, in this case, we have data from three industry/advocacy groups: The Center for Education
Reform (CER), the National Alliance for Public Charter Schools (NAPCS), and the National
Alliance of Charter School Authorizers (NACSA). These groups rate and rank states on the
availability of authorizers other than school districts, whether charter schools are automatically
non-renewed for low-performance, the degree to which charter schools are exempt from the rules
facing TPS. Two of the groups also rate states based on their charter funding equity, which is
similar to the TPS-charter funding gap described above. See the data section for more on these
measures.

I1.B.6. Other Forms of Effect Heterogeneity
Effect Heterogeneity by School Types. The above discussion pointed to two key

differences in charter schools: whether they are managed by CMOs (versus standalone schools)
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and which type of charter authorizer they operate under. Based on prior evidence, we would
expect that the entry of charter schools would be more positive when they are managed by
CMOs.

We might also expect larger effects when the authorizer is not the district itself. School
districts are unlikely to make a competitive response to schools under their own control. On the
other hand, the participant effects of district-authorized schools are less well known and could
potentially offset any reduced competitive response.

Diminishing Marginal Returns. We have written generally about the direction of charter
school effects, which might imply a linear relationship between charter market share and g.
However, there are reasons to expect larger effects with early charter entrants and diminishing
effects and charter market share grows. First, if authorizers are picking from menu of potential
charter entrants, and they have some accurate signals of future quality then the initial charter
schools may be of higher quality than subsequent entrants (Bross & Harris, 2017).!¢ Second, and
similarly, the TPS competitive response seems more likely to arise with initial entrants as this is
when competition first becomes an issue and is most salient. When the first charter school enters,
this is likely to draw newspaper headlines and discussion about the emergence of charter schools;
this type of reaction seems less likely with the second and third charter schools.

Effect Heterogeneity by Enrollment Growth. We noted above how competitive responses
may vary depending on funding formulas and authorizer type. District enrollment growth is
another possibility. TPSs have more difficulty expanding when enrollment growth is high. While

they are required to serve all students within their boundaries, they are less flexible, e.g., their

16 A potential counterargument here is that, as the charter sector gains traction, more supporting structures may
emerge to incubate better charter schools. This occurred in New Orleans for example, where a non-profit began
incubating charter schools once it became clear that the city was going to be opening more such schools.
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buildings have to meet fairly specific standards and they are inclined to open in shopping malls
the way that some charter schools do. Anecdotally, California school districts did not generally
oppose the entry of charter schools in the 1990s and 2000s when enrollments were growing
rapidly, but they have more recently as charter shares have grown and enrollments began
declining. This might also imply that districts with more enrollment growth experience a smaller
competitive response. In addition, authorizers might be less stringent in accepting applications
from charter operators, out of desperation to provide additional capacity. Both factors suggest
that we should expect smaller effects of charter entry in districts where enrollment growth is high
(though the very fact of enrollment growth also leads to questions about changes in
demographics that could bias our estimates).

However, our approach also has more direct implications for policy. We will learn
whether various state policies are associated with improved charter market effects and whether
new policies might be able to better target charter schools to those contexts where they do the
most good. Our analysis also evaluates the performance of charter schools in particular states and
of particular charter school authorizers. In the latter case, this is only possible with independent
authorizers (in the states that have them) as the analysis requires isolating the effects of charter

authorization and charter school improvement efforts from other district behaviors.

III. Data and Descriptive Statistics

III.A. Geographic Districts and their Outcomes
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This paper uses data from the National Longitudinal School Database (NLSD), which
contains data for a near-census of all TPSs, charter schools, and private schools in the U.S. from
1991 to the most recent academic year.!” The NLSD merges school and district-level data from
Common Core of Data (CCD), Stanford Education Data Archive (SEDA), Census Small Area
Income and Poverty Estimates (SAIPE), and other sources. We are most interested in the student
outcomes, test scores and graduation rates, but also include a vector of district-level covariates in
some models. The street addresses of charter school also allow us to place the location of each
charter school within its geographic school district.!® These districts define the scope of the
market, i.e., which schools are assumed to compete with one another.

The NLSD implicitly sets the “market” boundaries as equal to those of the traditional public
school district; that is, in terms of the geography of the market, the subscript m = d. (This is
partly to align the estimated market-level effect with the district competitive effects.) However,
m # d in the sense that the geographic district does not make decisions in the way that the
institutional district does.

The specific dependent variables are the average freshmen graduation rate (AFGR)
(hereafter, graduation rate) and student math and English Language Arts (ELA) test scores. The
AFGR uses aggregate student enrollment data to estimate the size of an incoming freshman class
and aggregate counts of the number of diplomas awarded four years later. For example, the
AFGR for a school year in 2006 is the total number of diploma recipients in 2006 is divided by

the average enrollment of the 8th-grade class in 2002, the 9th-grade class in 2003, and the 10th-

17 All the school years mentioned in this paper are spring school years unless specifically stated otherwise.

1% The SEDA team uses the 2019 Elementary and Unified School District Boundaries
https://nces.ed.gov/programs/edge/Geographic/DistrictBoundaries) to define the Geographic School District for test
score sample (except for special education or virtual schools). We use the same boundaries to define the Geographic
School District for the graduation sample.
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grade class in 2004. The graduation rate sample includes schools covering grades 9-12 annually
from 1995 to 2010."

The test scores are available in 3™ through 8" grade in math and ELA over the 2009-2018
school years from the Stanford Education Data Archive (SEDA). The SEDA provides nationally
comparable, publicly available test score data for U.S. public school districts (Ho 2020).2° For
interpretation purposes, we normalize the test scores to have means of zero and standard
deviations of unity within the grade, year, and subject.

Treatment status is defined as the charter enrollment share, or the percentage of students
attending publicly funded schools who are enrolled in charter schools. These market share
measures are created separately by grade level under the theory that charter schools only affect
the geographic district outcomes in the specific grades being served (Jinnai 2014, Slungaard
Mumma 2022).

For both outcomes, data are aggregated to the geographic district level by averaging TPS
outcomes with those of charter schools located within their boundaries?! (weighted by enrollment

share??). This is crucial to the analysis as it allows us to capture charter effects operating through

1% We noticed some clear errors in the AFGR data, e.g., wild swings from year to year. In these cases, we imputed
the errant observations using linear interpolation. (When the errant observation was in the first or last year of the
panel, we imputed using the adjacent year.)

20 To make estimates are comparable across states, grades, and years. The SEDA research team took the following
steps: (1) estimate the location of each state’s proficiency “thresholds” in the distribution of scores; (2) place the
proficiency thresholds on the same scale using the National Assessment of Educational Progress (NAEP), a test
taken by a representative sample of students in each state; (3) estimate the mean test scores in each school, district,
county, metropolitan statistical area, commuting zone, and state from the raw data and the threshold estimates, and
(4) create estimates of average scale scores and achievement growth measures. See details in SEDA website
https://edopportunity.org/methods/. While this method is of course based on assumptions (e.g., that the NAEP
sample is truly state representative and the distribution of state scores is the same as the NAEP distribution despite
the differing content of these various tests), this could only result in bias if test error in charter-entering districts
differs from never-charter districts (within grades and states and conditional on other included covariates) and
changes over time in conjunction with charter school entry. We could not come up with potential examples where
this might be the case.

2L SEDA provides test score data at the geographic district level. We converted the graduation rate data to the
geographic district level ourselves. Please refer to Appendix B for the description that how the sample was created.
22 Weighting is necessary to obtain a nationally representative effect (e.g., to avoid counting New York City the
same as small rural districts). However, as Solon, Haider, and Wooldridge (2015) note, weighting does not
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all of the various market mechanisms. In contrast, prior studies of charter schools have focused
on the outcomes of individual schools in the examination of school participant effects or the
competitive effects of individual charter schools on nearby TPS. Here, we are interested in the
total effect of all the mechanisms, which means we need to account for the outcomes of all
traditional and charter schools. Aggregating outcomes to the geographic district level also allows
us to sidestep the main problem with prior studies, i.e., selection bias from students moving
across schools (within districts).

The test score (graduation) data are available for 11,399 (10,658) districts, including 1,597
(1,073) districts that have at least one charter school. The final samples for the test scores
(graduation) analyses include 97 (98) percent of the nation’s publicly funded schools and 99 (97)
percent of nation’s charter schools.?* Table 1 presents the summary statistics for the outcome and
control variables. Compared with TPSs, charter schools nationwide tend to enroll a larger
proportion of African American and Hispanic students. Charter schools also more likely to be in
urban districts and where achievement is relatively low.

We are identifying total charter effects leveraging the timing of charter entry. One key factor
affecting this is the timing of the passage of charter laws that allow them to entry. The first law
allowing the establishment of public charter schools was passed in Minnesota in 1991. As of fall
2022, charter school legislation had been passed in 45 states and the District of Columbia.?* As a

result of the growing number of states allowing charter schools, the percentage of publicly

necessarily yield a consistent estimate of the population average treatment effect if the covariate variance depends
on the weight. They therefore advise reporting results weighted and unweighted; and testing for effect heterogeneity
by weight. We provide these additional results and discussion later as well.

23 Since geographic districts are the unit of analysis, an observation is only missing if all the schools in the unit-by-
school-type are missing. There are likely some missing schools within districts. Appendix B describes in detail how
we compose the samples.

24 The states in which public charter school legislation had not been passed by that time were Montana, Nebraska,
North Dakota, South Dakota, and Vermont.
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funded schools that are charter schools increased from 0 to 7.3 percent, and their percentage of
enrollment increased from 0 to 6.2 percent.?’

To highlight the variation in charter market share we are exploiting, Figure 2 lists the
trajectory of charter school growth from the point of the first charter entrant. We report separate
lines based on the maximum charter (enrollment) market share that appears in our data. As
expected, growth rates are faster in geographic districts that have higher eventual market shares
and diminish over time.2°

II1.B. State Policy Data

We gathered state ratings of charter school policies published in 2014 by the Center for
Education Reform (CER), the National Alliance for Public Charter School (NAPCS), and the
National Association of Charter School Authorizers (NACSA). These rankings are useful for
understanding regulation because these organizations are well-informed about charter laws and
are likely to focus their rankings on policies that are genuinely important, at least to their charter
constituents. While we do provide evidence about the relationship between each group’s overall
ranking and the various market outcomes, our main interest is in the information the rankings
provide about the components of charter regulation. The proceeding sections provide a short
description of each composite index and the index components that we included for our study.?’

Center for Education Reform (CER). CER ranks states based on “laws that have a strong,
permanent authorizing structures, equitable funding codified in law, and autonomy across state,

district, and teacher rules and regulations, giving charters the freedom to do what they do best.”

25 Appendix Figure A1 presents the trends in charter school share and charter enrollment share from spring 1991 to
spring 2018.

26 This non-linear pattern partially reflects the opening of the first charter school followed by enrollment growth in
those schools, not just opening more schools.

27 We selected the highest weighted components from each sub-index that are likely to be relevant for school
performance, openings, and closures.

23



The organization’s three most heavily weighted criteria are: the presence of independent
(alternate) authorizers, number of schools allowed, and 100% charter funding (similar to the
above “equitable funding”). The number of schools refers to enrollment caps and whether states
are approving charter schools on a regular basis.?®

National Alliance for Public Charter School (NAPCS). NAPCS evaluates state charter
laws based on charter school laws that promote the creation of “high-quality charter schools
while holding underperforming schools and authorizers accountable.”®® The five most heavily
weighted components used for our study include state ratings by performance-based contract
required, clear processes for renewal/nonrenewal, automatic exemption of charter schools from
laws applied to traditional public schools (TPS), no caps on the growth of public charter schools,
and equitable operational funding. The performance-based contract requirement component
provides higher ratings to state laws that have requirements for contracts that provide academic
performance expectations, operational performance expectations, and school and authorizer
rights and duties. The process for renewal component examines whether there are “clear
processes” for renewal, nonrenewal, and revocation decisions, including school closure and
dissolution procedures. The no charter caps category determines whether there are caps on
growth for public charter schools in a state. Equitable operational funding compares general
operational, transportation, and other categorical funding of charter schools to TPS.

National Alliance for Public Charter School (NACSA). NACSA’s policy ratings
emphasizes policies that “facilitate the development of successful charter schools and enhance

accountability for schools and authorizers alike.”? The three most heavily weighted components

28 We note that this almost guarantees a relationship between this criterion and charter market share in the
empirical analysis that follows.

29 https://www.publiccharters.org/publications/model-law-supporting-high-quality-charter-public-schools
30 http://www.qualitycharters.org/wp-content/uploads/2015/08/State-Policy-Analysis.pdf
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http://www.qualitycharters.org/wp-content/uploads/2015/08/State-Policy-Analysis.pdf

include a rating for alternate authorizer, renewal standard, and default closure. The alternate
authorizer ranks states based on whether they include authorizers other than school districts and
whether the state can sanction poor authorizers. The renewal standard component ranks states by
whether they require a strong standard that hold schools accountable for performance. A default
closure policy standard means that there are minimum requirements for renewal and/or
provisions for closure in extreme conditions prior to contract expiration.

Although all three industry group rankings are clearly interested in expanding charter
schooling, they differ in important ways. First, NACSA, as an organization of charter
authorizers, is more focused on state policies that directly pertain to the authorizer roles, whereas
NAPCS and CER rankings are based on a broader range of factors (e.g., funding). Second,
NACSA is more focused on government accountability, while CER focuses on market
accountability—"“autonomy” and “freedom” for charter schools. (The NAPCS ranking is
somewhere in between the two.) The NACSA approach is noteworthy given that the group
represents the government-designated organizations—authorizers—who are responsible for

holding schools accountable.

I'V. Identification Strategies

We use two methods to study effect heterogeneity, the GDD and CF. Each of these is

described below, followed by a brief discussion of the differences between them.
IV.A. Generalized Difference-in-Differences (GDD)

The GDD identifies effects from within-district variation in dosage over time (for those ever
treated) as well as differences between treated and untreated units (Mouganie, Ajeeb, and

Hoekstra 2020, Dow et al. 2020). This is preferable to a simple DD, in cases such as this with
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continuous, time-varying treatment. A simple DD would ignore most of the variation in charter
market share and focus only on the point where the first charter school enters and treatment
begins.

The dependent variables in our GDD analysis are test scores (Test; ;) and high school
graduation (GR;;) in district i and grade g during year ¢ (test scores are grade-specific; graduation
is not). We include geographic unit fixed effects y; (usually geographic school districts) as well
as state-grade-year fixed effects 454, and district-specific linear trends Year;. This implies the

following models:

GR;; = a + B,(ChartShare;; - Hig) + X;;y + Wi + At + Year; + €;; (1)
Testige = a + ﬁz(ChartShareigt . His) + Xity + 1y + Agge + Year; + g4 (2)
Treatment is the continuous, time-varying charter market share, ChartShare;,. This is interacted
with effect heterogeneity dimension H;s. None of these dimensions is time-varying. For this
reason, and because of the district fixed effect, we do not enter H;; as a separate variable. The
coefficients of interest are represented by .

A potential challenge with so many different dimensions of effect heterogeneity (see the
theory in section II) is that the above factors may be correlated with each other. For example,
state policies may be correlated with household demographics. Also, states with more
accountability might also have distinctive funding formulas. An advantage of this analysis is that
we can measure and include essentially all of these factors at the same time to isolate the role of
each.

The term X, is a vector of time-varying student covariates (log enrollment, share of

black, white, Hispanic, FRL, and special education students) and other district-level covariates
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(district revenue per student, district expenditure per student, student-teacher ratio, teacher
salary, number of magnet schools, and an indicator of whether a charter law has gone into
effect). As these covariates are potentially endogenous, they are only included in certain
specifications and as partial tests for charter effects on the student population.

The error term &;4; is clustered at the district level in the main specification. (We report
results clustered at the state level in the Appendix, which only slightly reduces precision.) The
estimates are weighted by the district size, so that the estimates are nationally representative;
specifically, we weight by graduation rate denominator in the high school sample and by grade-
level enrollment for math and ELA. In our baseline analyses, we estimate the GDD model for
both the current year charter enrollment share and with a one-year lag to allow delayed effects.

Our method accounts for time-invariant unobserved differences across districts and our
main identifying assumption is that there are no unobserved time-varying factors that are
correlated with changes charter market share and changes in student outcomes. We note that,
even if charter market share changed based on time-invariant unobserved district characteristics
that affected student outcomes, this would not introduce bias if the timing of charter entry were
conditionally random, which is possible given all the steps involved in opening a charter school
(e.g., putting in an application, getting it approved, gaining access to a building, recruiting
students, and hiring staff).

Still, it is worth considering specific scenarios under which this might be violated. First,
charter schools are more likely to locate in districts with low contemporaneous student outcomes
(Glomm, Harris, and Lo 2005), signaling that we also might expect charter schools to also locate

where expected future TPS performance is lower, though this is unobservable in our analysis.*!

31 Relatedly, charter schools might open where districts experience idiosyncratic shocks, in which case future
outcomes regress toward the mean. If charter schools prefer to locate near low-performing school, as noted above,
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This would lead to a downward bias in our estimates because TPS outcomes comprise the
majority of the weighted average outcomes.

Alternatively, local governments might change non-charter education policies at the same
time they introduce charter schools, as part of a package of reforms. Since school districts are
often charter authorizers, it may be that a change in school board politics leads both to an
increase in charter schools and, for example, new reading and math curricula in TPS. In this case,
we might falsely attribute outcome changes to charter schools that were actually caused by other
policy changes. We discuss various tests for these and related types of violations in the next

section, after describing our main results.

IV.B. Random Causal Forest

Below, we provide a brief description of the random causal forest (CF) method applied to
its originally designed setting of randomized controlled trials. Next, we describe recent advances
that extend this method to difference-in-differences settings and specifically, settings where
identification relies on the estimation of many fixed effects (CF-DD). Finally, we discuss the

relative advantages and disadvantages of CF-DD and Interacted GDD, as discussed above.

IV.B.1. Brief Description of Causal Forests

The CF method is designed to be a data-driven and nonparametric approach to estimate
treatment effect heterogeneity. It begins with the training of many causal trees (Athey and

Imbens, 2016). Each causal tree acts as an adapted matching estimator, where rather than

then this would yield an upward bias (i.e., charter schools enter because of the negative shock in existing schools,
but then those outcomes bounce back in the next period). We do not see this scenario as very likely because it takes
several years to create an organization that can assemble a charter application, submit the application and gain
approval, hire personnel, purchase necessary capital, and recruit students. Also, with such a long-term investment,
charter organizations are likely to consider multiple years of information in making their entry decisions, which
reduces the chance of regression to the mean.
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matching on covariates for the purpose of constructing valid control groups, we match on
covariates to segment units into neighborhoods of similar treatment effects. Each causal tree
begins with a random subset of the full population and a random subset of the covariate vector,
X.32 It then proceeds to recursively partition the data by grid-searching across all covariates and
across all thresholds within covariates to select the split that maximizes the squared-difference in
average treatment effects between the resulting partitions. The subset where a split occurs is
known as a “parent node,” and the resulting partitions are known as “child nodes.” Further splits
are then made on the child nodes, creating further child nodes, until stopping criteria are met®,

and we are left with a set of “terminal nodes” (a.k.a. “leaves”).

Terminal nodes are essentially a roadmap directing a given out-of-bag observation to its
destination, where this destination is a conditional average treatment effect (CATE) prediction.
That is, each new observation enters with a particular covariate value combination, x;, and
follows the splitting rules until it reaches the terminal node which corresponds to that value
combination. The CATE prediction each observation receives is the average treatment effect of
the training units which originally fell into that leaf. A clear limitation of singular causal tree is
that CATE predictions will be lumpy, as the set of terminal nodes is finite. Additionally, the
structure of a single tree is subject to the randomness that generated the initial training sample

(Wager and Athey, 2018). Therefore, in a causal forest, this out-of-bag unit will be assigned a

32 Readers more familiar with traditional random forests will note that this differs slightly from the bootstrapped
sub-samples used to train regression/classification trees in pure prediction settings.

33 The stopping rules are some of the “hyperparameters” (i.e. configuration parameters used to manage machine
learning training processes) of decision trees which prevent overfitting. These stopping rules include (1) the
minimum number of treat/control units in a child node and (2) the minimum share of the parent node that must
be contained in a child node. Other relevant hyperparameters include: (1) the share of the training sample used as
hold-out for honest estimation and/or (2) an optional imbalance penalty parameter
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CATE prediction from each of the many trees, and the final CATE prediction it receives will be

an average of these individual predictions across all trees.

Causal trees follow a unique process for internal cross-validation known as “honest
estimation” (Athey and Imbens, 2016). That is, for each tree, the random training sub-sample is
again split in two before training occurs. The first split is used to actually define the tree structure
by following the recursive partitioning procedure defined above. The second split is used to
populate the nodes. That is, units in the first split create the roadmap, and units in the second
split follow the roadmap into their respective neighborhoods, and the CATE predictions of that
causal tree are the resulting treatment effect estimates from each neighborhood among units in

the second split.

We study the main patterns within the CATE predictions by examining three artifacts of
the model: (a) the differences in average covariate values for units with positive CATEs versus
those with negative CATEs; (b) the variable importance factors (VIFs), which are the share of
splits that are made on the basis of that covariate across all trees (weighted by the relative depth
at which they occurred so that earlier splits are weighted more heavily); and (c) the best linear
projection (BLP), which is the linear relationship between each covariate and the CATE
prediction, conducted via a regression analysis of doubly-robust (i.e. propensity score debiased)
CATE predictions on covariate values. To interpret the results, we start by examining the
differences in means between district-years with statistically significant positive CATE estimates
vs. those with statistically significant negative CATE estimates.?* These differences provide a

profile of the “average positively impacted district” vs. the “average negatively impacted

34 CATE variance is computed as the variance of CATE estimates for a particular unit across trees. Part of the
innovation of Athey and Wager (2018) is that these variance estimates are asymptotically normal when trees are
trained via “honesty”, and therefore allow for the construction of valid confidence intervals.
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district.” However, this alone does not provide much insight into which covariates are driving the
heterogeneity. Therefore, we look to the VIF to help determine which covariates from the subset
are most important. With the VIF scores, we can examine the covariate means with an idea of the
“important” differences that drive treatment effects. However, it is important to note that the
relationship between a covariate and the treatment effect may be non-linear and/or interactive
with other covariates. The BLP helps us understand which, if any, relationships are
approximately linear. Non-linear relationships are signaled when the difference-in-means
suggests one direction (or no direction) but the BLP suggests another (especially when the VIF is

large).

IV.B.2. Modification for Difference-in-Differences Setting

The causal forest is designed for experimental settings where identification of average
causal effects (and therefore heterogeneous causal effects) comes from conditional or
unconditional random assignment. Specifically, the causal forest relies on conditional
independence: controlling for the set of confounders X, treatment is as good as random.
However, in difference-in-differences settings, the identification assumption is not conditional

independence, but parallel trends.

In the case of fixed effects estimators, the parallel trends assumption can be expressed
equivalently as the conditional independence assumption when the fixed effects are included
among the set of confounders (Roth et al., 2023). However, one cannot identify heterogeneity in
treatment effects when fixed effects are included in X because the impact of any time-invariant
covariates on the CATE will be absorbed by the fixed effects themselves. To avoid this issue, we
perform two-way within-transformations on outcomes and treatment assignment indicators in

order to obtain numerically equivalent estimates of average treatment effects to the GDD, and
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which can now vary according to the influences of time-invariant factors. We follow the “causal
forest with fixed effects (CFFE)” approach defined in Kattenberg et al. (2023), which conducts
“local” recentering (i.e. repeated within-transformations before splits occur at each tree node)
and assumes a Borusyak et al. (2024) version of the staggered parallel trends assumption for

identification.

IV.B.3. Comparison with the Interacted GDD

The CF method has several key advantages over the interacted GDD. The CF handles
non-linearities (e.g. covariate interactions and/or polynomial relationships) naturally via a
nonparametric mapping of covariates to CATE estimates. In the interacted GDD, the researcher
must manually specify potential non-linearities, which comes at the cost of statistical power in
high-dimensional regressions or the risk of spurious estimates from multiple hypothesis testing.
In this way, the CF may identify heterogeneity in settings with many covariates more reliably

than interacted regression.

Less well understood is the way that the CF handles missing data. The GDD and other
parametric econometric methods implicitly carry out complete case analysis; when any variable
is missing it is dropped. In the CF, missing observations are treated as having a different value
for the variable. For example, when a parent node is being split into two child nodes, it might
split based on missing versus non-missing observations rather than based on the magnitudes of
the non-missing observations. (The equivalent of this in the GDD is adding a vector of missing
indicators.) This becomes important later as some of the effect heterogeneity dimensions have

considerable missingness.

32



The main potential advantage of the GDD over the CF is that, under certain conditions,
we get a more plausible estimate of the average causal effect of treatment. The CFFE is meant to
produce an estimate identical to the GDD. The above advantages in effect heterogeneity analyses
are largely irrelevant if they are based in misleading heterogeneity. In ongoing work, we are

trying to bring the CF more in line with the GDD, so that provides the best of both worlds.

V. Results

V.A. Replicating the Average Treatment Effects

We start by replicating the average treatment effects from Chen and Harris (2023)
without the interaction terms. The first column (Sample 1) of Table 2 shows the results for the
overall sample. The second column (Sample 2) drops the districts whose effects initially appear
in the 5"-95™ percentile (see reasoning below). Finally, the third column (Sample 3) starts with
the whole sample and then shows the results dropping districts that had charter schools at the
beginning of the panel, so that the estimates focus on the effects of the first charter entrant(s) due
to the possibility of diminishing returns. All of the specifications assume a one-year lag in the
effect from charter entry to student outcomes.

The results generally reinforce Chen and Harris’s (2023) finding that the average effects
are positive for each outcome. 3* Fourteen of 18 estimates are positive and eight are precisely
estimated. Four of the estimates for math are negative and highly imprecise. There is no clear
pattern as to which samples/columns show the largest effects. The results are also uniformly

positive and more precise when dropping the district-specific linear trends. Since the results with

35 Some slight differences eist between Table 2A and Chen and Harris (2023). The latter paper did not use linear
interpolation to clean the AFGR.
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district trends are more likely to pass the parallel trends, we opt for this as our preferred method

going forward while reporting. These results are also mirrored in the CF histograms (Figure 1b).
V.B. Distribution of Effects

V.B.1. Overall Distribution Across Geographic Districts

We show histograms of the distribution of effects using both the GDD (Figure 1a) and
CF (Figure 1b) methods. Charter effects may vary across geographic districts and this is the first
(and smallest) institutional unit we consider. Figure 1(a) shows the wide distribution of market-
level effects on high school graduation, centered near zero. Some of these are extremely large, in
both positive and negative directions. For example, more than 50 districts have coefficients
larger than +2.0; a coefficient of that size implies that going from 0 to 10 percent charter market
share (just above the national average) would increase the high school graduation rate by 20
percentage points. The CF results have a much narrower distribution.

The test score effect distributions also seem wider than we would expect. For example, a
larger-than-average coefficient of +1.0 means that increasing the charter market share by 10
percentage points increases annual student test scores by 0.10 s.d.. Some cities with very large
market shares have generated market-level effects of this size (Harris & Larsen, 2023; Baxter,
2024). On the other hand, Chen and Harris (2023) estimate that the charter participant effect is
two-thirds of the total market effect, with the remainder pertaining to the various competitive
effects and math effects. In that case, a market-level effect of +0.10 s.d., for a 10 percent increase

in market share, would require an annual participant effect, averaged across charter schools, of

0.67 s.d..>®

36 On the other hand, Chen and Harris (2023) estimate that the charter participant effect is two-thirds of the total
market effect, with the remainder pertaining to the various competitive effects and math effects. In that case, a

market-level effect of +0.10 s.d. would require an annual participant effect, averaged across charter schools, of 0.67
s.d..
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We are also interested in the more unusual and surprising shape of the effect distribution
for both math and ELA. They show a large concentration of effects in the +0.1 to +0.6 range. It
turns out that almost all of these are in California. When we remove this state (see Appendix
Figures A1 and A2), the distribution is much closer to normally distributed, although more
bimodal (ELA) or even trimodal (math).

V.C. Effect Heterogeneity by Unit Traits

Most of the rest of the study focuses on explaining the variation across districts and
states, using both the GDD and CF methods. The factors are broken into four categories: student
demographics (e.g., race and family income), market context (e.g., TPS baseline outcomes and
teacher supply metrics), school finance (e.g., charter spending, TPS-charter funding gaps, and
total average spending), and other charter school policies. We organize the analysis topic by
topic, so that we can directly compare the results across methods and summarize the results for
each set.

The GDD and CF results are somewhat difficult to compare. In both cases, we can and do
consider statistical significance. In the GDD, this pertains to the usual significance testing of the
treatment coefficient, shown in Table 2. In the CF, this pertains to the precision of the difference
in mean covariates between leaves that show positive versus negative treatment effects (using
bootstrap standard errors), shown in Tables 3a-3c. However, the CF method also yields the
variable important factor (VIF), which also signals which effect magnitudes, regardless of
statistical significance, are driving heterogeneity; these are shown in Figure 2. Given the
advantages and disadvantages of each method described earlier, we conclude that effect
heterogeneity exists when estimates that are robust across the two methods and precise in at least

one of them. Then, we also consider the VIF to further refine which are most important overall.
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Table 6 summarizes all of the information across methods. In addition to indicating
statistical significance with asterisks, we indicate the ten most important factors according to the
VIF (V1 indicates highest VIF and so on down to V10). We also note that, by design, we chose a
select number of covariates for the GDD to avoid collinearity issues. This is not necessary in,
and is indeed an advantage of, the CF. For this reason, we report results for more covariates in
the CF results.

V.C.1. Effect Heterogeneity by Demographics

Prior research consistently found that charter schools are more effective for
disadvantaged students, broadly defined (Cohodes & Parham, 2021). The theories around this
have been based partly on the lower test scores these groups typically have or, relatedly, that
these groups are served by schools that are more poorly performing.

We also find that demographics are the most important predictor of charter school effects.
This is most easily seen in the summary in Table 6. Seven of the eight estimates for percent
Black and Hispanic are positive and statistically significant and have a relatively high VIF. The
results are more mixed for high school graduation, however. They are negative for Blacks. All
the estimates are positive, significant, and important for Hispanics, across outcomes and
methods. A similar pattern emerges for FRL. All but one of the estimates is positive, significant,
and important, except for one of the two on high school graduation.

We included two demographic measures in the CF analysis that were not in the CF. A
higher percentage of students with disabilities is associated with a reduction in test scores but an
increase in graduation. This is consistent with prior evidence that charter schools are less able to
serve students with disabilities (e.g., they are smaller, more specialized, and less likely to have

teachers trained in serving these groups), which would explain the lower test scores. Students
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identified as special education are also more likely to shed that designation when they move to
charter schools. Families might prefer this for reasons of social stigma, even if it might mean
slower academic progress. This could lead to higher graduation rates.

The situation with total enrollment is more complex. This has a high VIF but the
differences in means are only statistically significant in one case. This is a sign of non-linearities
in the role of enrollment. To be precise, when a large number of splits in the CF are based on any
factor, it could be that some of the splits are associated with positive effects and some negative
effects, especially if splits occur early in the tree (which mechanically increases VIF), so that the
covariate differences-in-means end up being similar and not statistically significant. We are still
exploring these non-linearities in ongoing work. We do note that prior research has found that
school choice policies are more effective in urban areas, which tend to have larger enrollment.
V.C.2. Effect Heterogeneity by Market Context

We included three types of market context variables: region type (e.g., urban and
suburban), attractiveness to young teachers, and baseline academic performance in traditional
public schools. Baseline performance has consistently high VIFs and, with test scores, they are in
the expected direction; charter effects are larger when baseline TPS performance is low and it is
easier for charter schools to improve upon TPS. However, continuing the prior theme, the results
are the opposite with graduation. The results are not robust for the size of local university-based
schools of education, which affects educator supply. These effects also seem unimportant based
on the VIF. Finally, the region type variables are often statistically significant but never have
high VIFs.

V.C.3.Effect Heterogeneity by School Funding
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We include many different measures of school finance. School funding generally leads to
improved student outcomes, including both test scores and high school graduation (though we
have less evidence on the latter outcome). However, the theory on the relationship between
school funding and charter effects is more complicated. Other things equal, we would expect
charter schools to be more effective when they have more funding themselves. However, market-
level effects depend on the funding to both TPS and charter schools and those are interconnected.

The school funding variables have high VIFs in the CF analysis. The TPS-charter funding
gap is actually positively related to student outcomes. This is noteworthy because it means that
charter schools have a more positive impact when they receive less, but this could be because
TPS see less of an impact. [MORE LATER]

V.C.4. Effect Heterogeneity by State Policy
We considered five policy dimensions from the charter industry groups. These results are

quite mixed between the two methods and, probably not coincidentally, have very low VIFs.

In Table 4 we estimate equation (1) and (2) where H;,is a vector of traits, mostly household
characteristics (included at the district level) and state policies (necessarily at the state level),
using data taken from the baseline year to avoid endogeneity concerns. We include all of these
characteristics simultaneously (each column in a single regression) because they are all
correlated with one another. (the appendix shows the results where the covariates are included
one at a time). Table 5 shows the placebo test for these variables. In what follows, we draw only

tentative conclusions about any dimension of effect heterogeneity that fails the placebo test
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(especially if the placebo effect is in the same direction and magnitude as the effect estimate in
Table 4). We are also more cautious about estimates that are not robust across the three samples.
V.C.1. Effect Heterogeneity by Household Demographics

The top rows of Table 4 show the results for the interaction between charter market share
and percent of the school enrollment that is Black, Hispanic, or eligible for free or reduced-price
lunch (FRL). The coefficients are uniformly positive for FRL and often precise. They are also
quite large. If we increase the charter share by 10 percentage points, in a district with no FRL
students versus one that is 100% FRL, then the latter effect will be 0.03 to 0.04 s.d. larger than
the former. Those results also generally pass the placebo test in Table 5.

The results for Black and Hispanic students are more ambiguous. They are inconsistent
across outcomes (negative for graduation and positive for test scores) and often fail the placebo
test. We also included a measure of baseline student performance. The results are also
ambiguous in this case. While the coefficients in Table 4 are uniformly positive, most of the
placebo coefficients are as well (and are of the same magnitude).

V.C.2. Effect Heterogeneity by State Charter Policy

The results in Table 4 simultaneously control for state policy ratings. We focus here on
the NAPCS ratings, which provide the most policy categories. Again, these are: transparent
charter application process (7Transpar), performance-based contract required (Perfin Table 4),
clear processes for renewal/nonrenewal (Non_renew), automatic exemption of charter schools
from laws applied to traditional public schools (TPS) (Rule_exempt), no caps on the growth of
public charter schools (Nocaps), and equitable operational funding, i.e., higher funding for

charter schools relative to TPS (Eq_fiunding).
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It initially appears, in Table 4, that having a transparent application process is associated
with lower charter effects, while states providing more equitable funding have better charter
performance, at least in test scores. For the other policy variables, the coefficients are less
consistent across samples and outcomes and/or the equivalent placebo coefficients are of similar

signs/magnitudes and sometimes precise.

VI. Conclusion

A common theme of the economics of education is that different educational units
(teachers, schools, and so on) vary widely in their quality. A second common theme is that
measurable traits in those units (teacher certification, school size, and so on) do not explain much
if any of this variation. With more than one thousand school districts having at least one charter
school, it is now possible to test whether that pattern holds for charter schools.

In some respects, we find the same pattern. First, do charter effects vary? Do some
“bloom” and others “wilt”? Yes, as with teachers and schools, some of the effects, especially
with respect to high school graduation are very large. We also see some, albeit less, variation in
effects across states.

Second, can we explain that variation? Here, we see several noteworthy patterns.
Districts with more low-income students benefit more from having charter schools. These results
are not driven by the fact that we are controlling for so many factors at the same time in the main
results (Table 4). They also hold when we estimate equation (1) with smaller blocks of variables.

Somewhat surprisingly, charter schools seem to improve geographic district outcomes

when those districts were higher performing to begin with. This may be less surprising, however,
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when we note that some of the states with larger effects, especially Massachusetts (see Table 3),
also have high baseline achievement levels; conversely, some of the states with smaller effects
(Arkansas and South Carolina) have very low performance levels.

State policies may explain some of the variation in results across states. Charter policies
that require less transparency in charter applications and renewal decisions are associated with
more positive charter effects. One theory that could explain this is that authorizers, in states with
stronger transparency, may be pressed to make their decisions more on the basis of public
information, as opposed to private information that might have that is also indicative of future
charter performance.

Less surprising is that charter schools seem more effective, as least with respect to test
scores, when state policies provide more funding to charter schools. However, as noted in section
I1, the role of charter funding is more complicated than the state-level policy ratings account for.
We certainly expect the charter participant effects to be more positive when charter schools have
more funding but, for purposes of understanding the market-level effects, we also have to be
concerned with what charter entry means for TPS in the same districts, which may influence the
competitive responses. We are in the process of collecting data, at the district level, which will
allow us to better understand these issues.

We see only limited evidence of diminishing marginal returns. The effects are larger for
test scores when we focus only on the districts that have a first charter entry during the panel,
which is suggestive of DMR. But this pattern no longer holds when we consider the full
distribution of baseline charter entry. We also see little clear evidence that charter effects vary

based on changes in total geographic district enrollment.
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Another pattern throughout the paper is that the results differ between the high school
outcomes and test outcomes. This is unsurprising for three reasons: (a) our test scores results
pertain to elementary/middle schools while high school graduation pertains to a different set of
schools—high schools; (b) the time span of the test score data differs from that of high school
graduation, so the schools are also of different vintages; and (c) test scores and high school
graduation likely have different education production functions—we do not expect schools to be
equally effective in producing all outcomes. When we limit only to test scores, we see suggestive
evidence that districts with declining total enrollment see more negative charter effects. We are
also conducting analysis of the possibility that charet effects might display diminishing marginal
returns, i.e., that the effect of charter schools is larger for initial entrants.

This work is still preliminary. In ongoing work, we are also: (a) applying shrinkage
estimation techniques to understand how much of the variation is driven by measurement error;
(b) collecting additional data about school types (e.g., CMO status) so we can test whether the
effects are larger when certain types of schools enter; (¢) collecting better data, at the district
level, on charter school spending and teacher supply, so we can estimate the effects of these

additional traits; and (d) carrying out additional analysis of the roles played by diminishing.
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Note: This figure presents the histogram plots of estimates for the charter effects for each treated district. Specifically,
for each treated district, we use the non-charter districts in the same state as the comparison group to do the GDD
analysis. The coefficients below 5-th percentile and above 95-th percentile are not plotted here. The vertical red line is
the mean of coefficients weighted by charter enrollment size.

Figure 1b: Causal Forest Histograms (district x year estimates)
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Figure 2: Causal Forest Variable Importance Factors (VIF)
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Figure 3a Diminishing Returns
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Note: This figure presents the coefficient of the interaction of charter share with baseline charter share groups. The
baseline charter share is the charter share in the first period of the sample, but for graduation sample, we use the max
charter share of 1995-1999 as the baseline charter share as only a few districts have charter schools in 1995.

Figure 3b: Causal Forest diminishing returns
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Table | Summary Statistics

Variable\Sample Graduation rate Test Score

Sample 1 Sample 2 Sample3 Sample 1 Sample 2 Sample3
Graduation rate 0.74 0.75 0.75
Math 0.00 0.00 0.18
ELA -0.01 -0.01 0.19
Black 0.17 0.16 0.17 0.17 0.16 0.12
Hispanic 0.15 0.14 0.14 0.24 0.24 0.18
FRL 0.29 0.29 0.28 0.53 0.53 0.47
Special education 0.13 0.13 0.13 0.13 0.13 0.14
Urban 0.32 0.31 0.30 0.30 0.30 0.14
Total spending 9,073 9,148 9,056 12,884 12,932 12,980
Charter spending 4,034 3,963 3,771 4,368 4,086 970
TPS - Charter spending % 11,583 11,297 11,784 11,214 11,170 11,496
Observations 133,418 131,077 132,943 476,725 461,947 420,636
N (district) 9,233 9,038 9,201 9,795 9,512 8,721

Notes: This table presents weighted means of outcome variables (graduation rate, math, and ELA) and control variables. graduation
rate sample is weighted by the first-period enrollment. Sample (1) is the full sample, Sample (2) drops the noncredible-charter

districts, Sample (3) drops the always-charter districts. Data source: National Longitudinal School Database.



Table 2 Effects of charter entry on student outcomes

Sample 1 Sample 2 Sample 3
0 5 (3) @) ®) ©)
Panel A: Graduation rate
Charter share 0.089 0.093* 0.089 0.093* 0.067 0.070
[0.057] [0.057] [0.056] [0.056] [0.058] [0.057]
R-squared 0.929 0.929 0.925 0.926 0.931 0.932
Observations 132,876 131,435 130,547 129,123 132,402 130,961

Panel B: Math

Charter share -0.029 -0.03 -0.028 -0.028 0.077** 0.073**
[0.027] [0.026] [0.028] [0.027] [0.037] [0.037]
R-squared 0.891 0.891 0.891 0.891 0.863 0.864
Observations 476,721 475,572 461,943 460,844 420,636 419,542
Panel C: ELA
Charter share 0.056* 0.056* 0.055%* 0.055%* 0.049 0.045
[0.030] [0.031] [0.029] [0.030] [0.039] [0.039]
R-squared 0911 0911 0911 0911 0.888 0.888
Observations 476,721 475,572 461,943 460,844 420,636 419,542
District FE Yes Yes Yes Yes Yes Yes
State-by-year Yes Yes Yes Yes Yes Yes
District control No Yes No Yes No Yes
District trend Yes Yes Yes Yes Yes Yes

Notes: The table shows estimates of the effects of charter entry on student outcomes using different samples. Sample 1is the full
sample; Sample 1 Censored is the specification that the outcome is censored to the 10th and 90th percentiles; Sample 2 drops the
always-charter districts. Charter share in the data set range from 0 to 1. District control includes, share of black, Hispanic, FRL,
special education, expenditure per student, urban, charter spending per student, TPS - Charter spending %. Regressions are weighted
by the first-period high school enrollment for graduation rate and grade-level enrollment for Math and ELA. Standard errors are
clustered at the district level.
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Table 3 Effect heterogeneity analysis (include district time trend)

Graduation rate Math ELA

Sample 1  Sample2  Sample3  Sample 1 Sample 2 Sample 3 ~ Sample I  Sample2  Sample 3

Charter*Black -0.258 0245 -0.550%* 0.172 0.224%* 0258  0.286%**  0301***  0.140
[0.276]  [0.278]  [0.229] [0.110] [0.106] [0.190] [0.104]  [0.102] [0.191]
Charter*Hispanic 0.469 0.471 -0.125 0.032 0.072 0.403*  0.312%*%  0310%%  0.478%*
[0.598]  [0.585]  [0.268] [0.146] [0.147] [0.216] [0.127]  [0.126] [0.222]
Charter*FRL 0.512 0495  0.789%%%  (.5]3%** (0 383%* 0.177 0.045 20.010  -0.400%*
[0.327]  [0.331]  [0.283] [0.161] [0.155] [0.196] [0.143]  [0.143] [0.204]
Charter*Performance ~ -0.607%  -0.588  -0.783%%  0.640%**  (.599%%*  (236***  (287%%%  (275%%%  (.]120%
[0.353]  [0.368]  [0.365] [0.071] [0.068] [0.062] [0.041]  [0.042] [0.065]
Charter* Nocaps 0.081 0.093 0226  0.681%%%  (.685%** 0.155 -0.143 -0.162 0.188
[0.326]  [0.325]  [0.303] [0.141] [0.143] [0.201] [0.116]  [0.114] [0.204]
Charter* Transpar -0.290 0294 -0.502*  -0.269%*  -0.263**  -0.115 0.114 -0.125 0.012
[0.283]  [0.280]  [0.266] [0.133] [0.129] [0.271] [0.124]  [0.121] [0.253]
Charter* Perf 0330 -0.340 0.273 -0.099 -0.101 0.159 0.096 0.100 0.594%*
[0.322]  [0.313]  [0.280] [0.134] [0.129] [0.272] [0.105]  [0.099] [0.262]
Charter* Non_renew  0.566* 0.539 0.562%  0392%%  (0.355%* 0.542%  0.503%**  0.483*** 0264
[0.343]  [0.339]  [0.317] [0.167] [0.163] [0.279] [0.143]  [0.138] [0.278]
Charter*Exam -0.078 -0.065 0.124 -0.180 0.162 20.366%  -0.226%*%  -0.195%*  -0.188
[0.176]  [0.174]  [0.184] [0.115] [0.113] [0.204] [0.096]  [0.093] [0.201]
Charter* Eq_funding ~ -0.082 -0.068 -0.106 0.118 0.098 -0.038 -0.065 -0.069 0.004
[0.177]  [0.177]  [0.177] [0.088] [0.089] [0.167] [0.076]  [0.076] [0.177]
Charter 0.323 0.311 0206  -1.052%*%*  -0.968%**  -0.290 0226 -0.181 0411

[0.432]  [0.433]  [0.392] [0.175] [0.171] [0.256] [0.139]  [0.132] [0.259]

R-squared 0.930 0.927 0.932 0.886 0.885 0.858 0.906 0.906 0.881
Observations 153,012 150,622 152,522 551,231 535,650 494,430 551,231 535,650 494,430
District FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
District Trend Yes Yes Yes Yes Yes Yes Yes Yes Yes
State by year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
District control Yes Yes Yes Yes Yes Yes Yes Yes Yes




Note: This table presents the effect heterogeneity analysis. Nocaps refers to No Caps on the growth of charter schools in a state; Transpar refers
to Transparent Charter Application, Review, and Decision-making Processes; Perf refers to Performance-based Charter School Contracts
Required; Non_renew refers to Clear Processes for Renewal, Nonrenewal, and Revocation Decisions; Exam refers to Automatic Exemptions
from Many State and District Laws and Regulations; Eq_funding refers to Equitable Access to Capital Funding and Facilities. These NAPCS
sub categories rangs from 0 to 1 and higher values indicate a better policy. Sample (1) is the full sample, Sample (2) drops the noncredible-
charter districts, Sample (3) drops the always-charter districts.

Table 4a: Causal Forest Differences-in-Means — Graduation Rates

. Significantly  Significantly Difference
Covariate Positive Negative (Positive - Negative)
Log of Enrollment 7.23 6.98 0.26%*
White (%) 0.82 0.48 0.35%%*
Black (%) 0.05 0.39 -0.34%%
Hispanic (%) 0.09 0.05 0.04%%*
Free/Reduced Lunch (%) 0.25 0.48 -(.23%%*
Special Ed (%) 0.26 0.13 (0.13%%*
Baseline Performance 0.83 0.57 0.26%**
Urban 0.07 0.07 0
Suburb 0.22 0.14 0.08%**
Town 0.22 0.17 0.06*
Rural 0.48 0.62 -0.14%**
Magnet Schools (%) 0.18 0.01 0.17
City Population (standardized) 0.00 0.00 0
University in City -0.01 0.01 -0.01%*
Per Pupil Revenue 11411.08 8940.67 2470.41***
Student-Teacher Ratio 14.20 14.93 -0.73%%*
Teacher Salary 81975.53 65372.43 16603.09***
TPS-Charter Spending (% diff) 0.03 0.01 0.02%**
Total Spending (per-pupil) 11480.57 9178.68 2301.89***
Equitable Funding 6.21 5.06 L.15%%*
No Caps on CS Growth 8.26 9.12 -0.86%**
Performance-Based Contracts 8.31 9.75 -1 4qHE*
Transparent Charter Startup Policies 7.98 10.16 -2.18%**
Clear Charter Renewal Policies 10.54 11.91 -1. 37
Exempt from State/District Regs 7.51 8.04 -0.53%**
Number of Observations 438.00 277.00 715
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Table 4b: Causal Forest Differences-in-Means — Math Scores

Covariate Significantly  Significantly Difference
corene Positive Negative (Positive - Negative)
Log of Enrollment 7.29 7.26 0.03
White (%) 0.74 0.78 -0.04%%
Black (%) 0.07 0.06 O*
Hispanic (%) 0.12 0.09 0.03%**
Free/Reduced Lunch (%) 0.45 0.42 0.04***
Special Ed (%) 0.14 0.15 -0.01%%*
Baseline Performance 0.28 0.40 -0.12%**
Urban 0.03 0.04 0
Suburb 0.29 0.31 -0.02*
Town 0.17 0.16 0.02%**
Rural 0.50 0.50 0
Magnet Schools (%) 0.09 0.34 -().25%%*
City Population (standardized) 0.00 0.00 0
University in City 0.00 0.00 (k=
Per Pupil Revenue 13857.58 14541.93 -684.35%*+*
Student-Teacher Ratio 14.77 14.23 0.54%%*
Teacher Salary 95478.39 96551.46 -1073.08%**
TPS-Charter Spending (% diff) 0.01 0.00 0.01%**
Total Spending (per-pupil) 13697.81 14348.39 -650.59%#*
Equitable Funding 5.54 5.44 0.1*
No Caps on CS Growth 8.59 8.44 0.15%**
Performance-Based Contracts 8.44 8.55 -0.11%*
Transparent Charter Startup Policies 8.39 8.68 -0.29%**
Clear Charter Renewal Policies 10.51 10.37 ().13%%*
Exempt from State/District Regs 7.21 6.93 0.28%**
Number of Observations 6002.00 7786.00 13788
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Table 4c: Causal Forest Differences-in-Means — ELA Scores

Covariate Significantly  Significantly Difference
S Positive Negative (Positive - Negative)
Log of Enrollment 7.30 7.32 -0.02
White (%) 0.77 0.74 0.03%**
Black (%) 0.06 0.06 0
Hispanic (%) 0.10 0.12 -(.02%%*
Free/Reduced Lunch (%) 0.45 0.42 0.03%**
Special Ed (%) 0.15 0.15 -0.01%**
Baseline Performance 0.31 0.42 -0.11%**
Urban 0.03 0.06 -0.03***
Suburb 0.27 0.35 -0.09%**
Town 0.18 0.14 0.04%%*
Rural 0.52 0.45 0.07***
Magnet Schools (%) 0.07 0.29 -().22%%%
City Population (standardized) 0.00 0.01 -0.01%%*
University in City 0.00 -0.01 0.01%%*
Per Pupil Revenue 13411.55 15221.81 -1810.26%**
Student-Teacher Ratio 14.88 14.23 0.66%**
Teacher Salary 92433.94 100392.11 -T958.17%**
TPS-Charter Spending (% diff) 0.01 0.01 0
Total Spending (per-pupil) 13194.43 15038.02 -1843.59%**
Equitable Funding 5.41 5.57 -0.16%**
No Caps on CS Growth 8.55 8.54 0.02
Performance-Based Contracts 8.79 8.43 0.35%%*
Transparent Charter Startup Policies 8.39 8.60 -0.21%%*
Clear Charter Renewal Policies 10.60 10.45 (0. 15%%*
Exempt from State/District Regs 7.33 7.01 R 3 2885
Number of Observations 6454.00 7172.00 13626
Table 5a: CF Best Linear Projection — Graduation Rates
Term Estimate Std. Error t-stat p-value
(Intercept) L8ATRE 0721 -2.563  0.010
Baseline Performance 0.932%* 0.380 2.453 0.014
Log of Enrollment 0.105%* 0.047 2.247 0.025
Special Ed (%) 4.19 3.087 1.358 0.175
Black (%) -0.898 0.667 -1.347  0.178
White (%) -0.178 0.384 -0.463  0.643
TPS-Charter Spending (% diff) -0.033 0.282 -0.116  0.908
Free/Reduced Lunch (%) 0.296 0.306 0.966  0.334
Hispanic (%) 0.157 0.423 0.371 0.711
University in City -0.53* 0.317 -1.673  0.094
Exempt from State/District Regs ~ -0.019 0.034 -0.561  0.575
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Table 5b: CF Best Linear Projection — Math Scores

Term Estimate Std. Error t-stat p-value
(Intercept) 1.389 0.911 1.525 0.127
White (%) -(0.186 0.485 -0.384¢  0.701
Black (%) 0.097 0.568 0.170 0.865
Log of Enrollment -0.115* 0.065 -1.775  0.076
Magnet Schools (%) 0.007 0.005 1433  0.152
Hispanic (%) 0.082 0.450 0.182  0.856
TPS-Charter Spending (% diff) 0.211 0.193 1.093  0.274
Baseline Performance 0.079 0.084 0.939 0.348
Free/Reduced Lunch (%) 0.024 0.428 0.056  0.955
City Population (standardized) 0.177* 0.096 1.843  0.065
Per Pupil Revenue 0 0.000 -1.396  0.163

Table 5c: CF Best Linear Projection — ELA Scores

Term Estimate  Std. Error t-stat  p-value
(Intercept) 0.969%* 0.395 2450  0.014
Magnet Schools (%) 0.004 0.007 0.630  0.528
White (%) -0.58** 0.229 -2.532  0.011
Log of Enrollment -0.008 0.032 -0.247  0.805
Baseline Performance -0.017 0.047 -0.359  0.720
Black (%) -0.576%* 0.246 -2.342  0.019
Per Pupil Revenue 0 0.000 -1.112 0.266
Special Ed (%) -2.143 1.328 -1.614  0.107
Total Spending (per-pupil) 0 0.000 0.627  0.530
Hispanic (%) -0.745%%* 0.237 -3.148  0.002

TPS-Charter Spending (% diff)  0.301%** 0.109 2.772 0.006
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