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Abstract 

This is the first study to examine the potential effects of property tax levy limits on 
school infrastructure assets and expenditures (IAE). Specifically, we examine how 
the limit on school districts’ property tax levy in New York may affect school IAE. 
Although this limit imposes a restriction only on operating, rather than capital, 
property tax levy, we hypothesize that the limit may have spillover effects on school 
IAE. We examine this hypothesis by employing a difference-in-differences 
estimation approach together with an event-study design on a panel of school 
districts between 2011 and 2020. We find that at-limit school districts that exhaust 
their limit, especially urban high-need districts, reduce the expenditures on 
machinery and equipment. In addition, the limit has a negative effect on rural high-
need infrastructure assets captured by the building value. We also find that at-limit 
school districts do not issue more debt and that urban high-need districts seek out 
more matching state infrastructure aid. All these results indicate that school districts 
that are most likely to be constrained by the limit treat operation and capital 
resources as complements, rather than substitutes. 

Keywords: municipal finance, property tax, infrastructure assets and 
expenditures, school districts, New York 
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I. Introduction 

Capital investments in school infrastructure are important. Existing studies that have found 

significant effects of capital expenditures on student achievement and outcomes  

(e.g., Conlin & Thompson, 2017; Hashim et al., 2018; Kai & Zimmer, 2016; Lafortune & 

Schönholzer, 2022; Rauscher, 2020) outnumber the studies that have found no significant effect 

(e.g., Baron, 2022). However, it is well-known that the infrastructure of public schools in the 

United States is in poor condition. For example, a survey conducted in the early 2010s revealed 

that the overall condition of over one fifth of schools with permanent buildings was fair or poor 

(Alexander & Lewis, 2014). Although the grades for America’s public school facilities, as 

assessed by the American Society of Civil Engineers (ASCE), have improved from D- in 2001 

and 2003 to D in 2005, 2009, and 2013, and further to D+ in 2017 and 2021, these D grades still 

fall within the “poor” category. All of this suggests that public schools in the country needs 

substantial investment to improve their condition. 

Although there have been recent calls for the federal government to provide more funding for 

public school facilities (Jackson & Johnson, 2021; Modaffari & Alleyne, 2022), financial support 

for school infrastructure still primarily comes from state and local governments. Several states, 

such as Iowa and New York (NY), have aid earmarked for school infrastructure (Nguyen-Hoang 

& Damiano, 2023; Wang et al., 2011). However, school districts typically raise school facility 

funds by either pay-(as-you-) use using debt instruments, usually bonds, or pay-(as-you-) go 

using general fund revenues (Wang & Hou, 2009).1  

 
1 County voters in five states (Florida, Georgia, Illinois, North Carolina, and South Carolina) may vote to approve 
optional sales taxes dedicated for school infrastructure (Afonso, 2017). In 2018, 36 states and DC imposed TELs on 
local governments’ property tax levy, though not all of the TELs apply to school districts (Nguyen-Hoang & Zhang, 
2022). 
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While several existing studies examine the effects of tax and expenditure limits (TELs) on school 

districts’ total or operating expenditures (Blankenau & Skidmore, 2004; Buerger & Lofton, 

2023; Nguyen-Hoang, 2013; Nguyen-Hoang & Zhang, 2022), no study has focused on the 

effects of a TEL on infrastructure assets and expenditures (or IAE for short) for school districts. 

This study seeks to fill this gap in the literature by examining the effects of the NY property tax 

levy limit (hereinafter referred to as the limit) on school IAE.2 

Under Chapter 97 of the Laws of 2011, NY established a limit on school districts’ property tax 

levy for operating purposes. Effective in fiscal year 2013, the limit basically restricts the annual 

growth of property tax levies to 2 percent or the rate of inflation, whichever is less. Nguyen-

Hoang and Zhang (2022) find that the total current expenditures of at-limit school districts are 

significantly lower than what they would have spent absent the limit. Although the limit does not 

impose a restriction on the property tax levy for capital projects, we hypothesize that the tax limit 

may have spillover effects on school IAE. This hypothesis is based on the fact that school 

districts make concurrent decisions on resources for both operating and capital purposes. This 

paper, therefore, builds upon Nguyen-Hoang and Zhang (2022) but focuses on the potential 

effects of the limit on school IAE.  

Using a panel of 663 NY school districts during the 2011-2020 period, we investigate three 

research questions. The first question examines whether the limit constrains NY school districts’ 

IAE. The second research question explores whether the limit-induced effects vary by district 

groups. The third question aims to determine the extent to which debt and infrastructure state aid 

explain the effects, or lack thereof, found in the previous two research questions. 

 
2 In this paper, we use capital spending and infrastructure spending interchangeably. 
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As explained in Nguyen-Hoang and Zhang (2022), not all school districts feel constrained by a 

limit. Only a specific category of school districts does so when they want to raise more property 

tax levy for operating activities beyond the limit. ‘At-limit’ school districts—those that exhaust 

the limit—are most likely to fall into this category. We adopt a difference-in-differences (DID) 

estimation approach by exploiting unaffected or far-from-limit districts as counterfactuals for at-

limit school districts. We also employ an event study specification to support causal links 

between the tax limit and changes in school districts’ IAE. We find evidence that despite no 

property tax cap on capital levy, the limit induces some negative spillovers on at-limit school 

districts’ IAE, particularly high-need school districts. 

Our study makes two contributions to the literature. First, previous research has been conducted 

on the effects of TELs on total or operating expenditures for school districts or on municipalities’ 

IAE. This is the first study to examine the effects of a TEL on school districts’ IAE. Second, the 

findings of our evaluation of the ongoing limit in NY can be helpful policymakers in the state to 

make better-informed decisions about the law in the future. 

The remainder of the article proceeds as follows. The next section provides the background for 

our study, including a brief formula overview of the limit, a simple theoretical prediction on the 

effect of the limit, and a review of the thin literature related to this study. The next section 

describes our empirical strategy and data, followed by a discussion of regression results. The last 

section concludes with policy implications and suggestions for future research.  

II. Background 

II.a Property tax levy limit formula 

The property tax levy limit in NY imposes a percentage limit on total property tax levies for 

operating purposes without no restriction on assessed property values or tax rates. The limit’s 
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formula starts with the district’s total prior-year property tax levy and then adds prior-year 

reserve offset, from which the reserve amount (including interest earned) needs to be deducted, 

as shown in Figure 1. It is multiplied by a district-specific tax base growth factor determined by 

the NY State Department of Taxation and Finance. Prior-year payments in lieu of taxes 

(PILOTs) receivable are then added to the resulting product, while the prior-year capital tax levy 

and tort exclusions are subtracted, leading to an adjusted prior-year tax levy. The adjusted prior-

year tax levy is multiplied with the allowable levy growth factor, which is the lesser of either 2 

percent or the inflation rate. During the 2013-2020 period, the levy growth factors used in the 

limit formula were 2% only in four years (2013, 2014, 2019, and 2020), but lower than 2% in the 

remaining years. The lowest growth factor was in 0.12% in 2017. After subtracting PILOTs 

receivable in the coming year and adding available carryover, a school district will subsequently 

obtain its limit for its operating purposes in the coming, or current, fiscal year. 

This limit may be exceeded due to three specific property tax exclusions: levies for court orders 

or judgments that surpass 5 percent of the previous year's tax levy, a levy for an increase of more 

than 2 percentage points in the state-mandated contributions to district pension funds, and the 

current-year levy for capital projects. Moreover, a school district may override the exclusion-

included limit if it obtains 60 percent voter approval.3 

What is notable from the formula is that while a district’s capital levy in the prior year is 

subtracted from the limit, capital levy in the current year is added to the limit. In other words, if 

 
3 The tax limit on school districts do not apply to fiscally dependent large-city school districts (New York City, 
Buffalo, Rochester, Syracuse, and Yonkers). These districts have no independent taxing power and rely on their 
respective cities for property taxes. The limit therefore applies only to their respective cities and our data do not 
include these school districts. 
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the capital levies in the prior and current year are the same, they cancel each other out and have 

no effect on the limit. 

II.b How might the limit affect a school district’s IAE? 

There are typically three scenarios regarding how a limit on operating activities affect school 

districts’ IAE. The first and most straightforward scenario is that it may not have a significant 

effect on school IAE. As previously indicated, the limit does not impose restrictions on capital 

levies. Therefore, even when the limit constrains operating expenditures in at-limit districts, 

these districts set aside resources for their IAE separately from those used for operating purposes 

(Heyndels & Van Driessche, 1998; Hines & Thaler, 1995; Thaler, 1999). 

The second scenario occurs when the IAE of at-limit school districts increases. Several scholars 

argue that school districts consider capital and labor (i.e., capital and operating expenditures) as 

substitutes in the production of education (Callan & Santerre, 1990; Gyimah-Brempong & 

Gyapong, 1992). When revenue sources for operating activities are constrained, at-limit school 

districts may substitute revenue away from operations and toward IAE. In other words, one 

might expect an increase in IAE among at-limit school districts.  

The third scenario is that the constraint imposed by the limit has negative spillover effects on at-

limit districts’ IAE. This scenario arises when school districts consider labor and capital as 

complements rather than substitutes. More specifically, an investment in school infrastructure 

today would require costly annual maintenance of the infrastructure in the future to keep it 

operational and in good condition. At-limit districts may choose to reduce their IAE due to 

concerns about future maintenance costs.  

Given these three scenarios, we let the data indicate which ones apply to at-limit school districts 

in NY. 
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II.c A brief review of related studies 

Because the tax limit under investigation is imposed by the state on local governments, this 

review focuses on state-imposed TELs. Nguyen-Hoang and Zhang (2022) provide a literature 

review on the effects of TELs on school districts’ total and operating expenditures, as well as 

their allocation of resources across various operating expenditure functions, such as instruction 

versus administration. We therefore review the studies that examine the effects of state-imposed 

TELs on capital investments or expenditures. This body of literature is thin. Benson and Marks 

(2010) find that proposed and imposed revenue caps in the City of Houston led to bond yields, 

resulting in increased interest costs for new debts issued by the city. Park et al. (2018) find that 

municipalities constrained by TELs spend more on debt service and made less net capital 

investment during the 2008-2009 recession. Wang and Wu (2018) examine 100 large 

municipalities during 1992-2012 and find that municipalities in states without a legal limitation 

on general obligation bonds spent more on capital investments than those in states with such a 

limitation. Chen et al. (2019) examine 100 central cities during the 1988-2012 period and find 

that TELs measured by a debt limit indicator and a stringency index constrain these cities’ 

capacities to invest in capital assets, particularly for city roads. None of these studies focus on 

school districts. This is a gap in the literature that this study seeks to fill. 

III. Empirical strategy 

III.a Estimation models 

We use difference-in-differences (DID) and event-study estimation methods to estimate the 

effects of the limit on school IAE. A limit on a school district’s property tax levy for operating 

purposes does not necessarily impose a constraint on its ability to raise the levy. Therefore, we 

follow Nguyen-Hoang and Zhang (2022) and measure the degree of constraint by distance to 
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limit (DL). More specifically, a school district’s distance to limit is defined as the percentage gap 

between the annually-varying levy limit (LL) and the district’s proposed property tax levy (PL), 

or DL = ((LL – PL)/LL)*100.  

 While DL is continuous, one plausibly expects that the effect of the limit is not 

continuous. As fully explained in Nguyen-Hoang and Zhang (2022), a unit increase in DL does 

not necessarily capture a unit decrease in the degree of constraint. As previously mentioned, only 

at-limit school districts that fully utilize the limit are most likely to be constrained by it. These 

districts raise nearly every property tax dollar legally permitted for its operating purposes. 

Therefore, the distance to limit for at-limit districts must be really small; that is, DL ≤ 𝜀, where 𝜀 

is a very small positive number. Following Nguyen-Hoang and Zhang (2022) and Bradbury et al. 

(2001), we choose 𝜀 to be 0.1% as the main benchmark and conduct additional sensitivity 

analyses with a different value of 𝜀. 

At-limit school districts whose DL ≤ 0.1% are considered to be ‘treatment’ school districts. They 

include districts that override their limits, or DL < 0. All remaining districts with DL > 0.1% are 

not at limit and referred to as comparison districts. We use a sample period of 2011-2020 for a 

panel of school districts on the following DID model: 

ln 𝐸!" = 𝜏" + 𝜇! + 𝛼𝐷!" + 𝜃𝑇!" + 𝛾𝑃!" + 𝛽𝑊!" + 𝜖!", (1) 

where 𝐸!" denotes school infrastructure assets and expenditures reported on the balance sheet of 

school district 𝑖 in year 𝑡. 𝜏 and 𝜇 represent year- and school district-fixed effects, respectively. 

A school district may be at limit in multiple years between 2013 and 2020. 𝐷 is a binary 

indicator that equals one in the year when a district is first at limit (referred to as year 𝑡∗) and all 

the years after 𝑡∗. 𝐸’s for school districts that are not at limit in a year serve as the counterfactual 
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𝐸’s for at-limit school districts’ in that year. Therefore, 𝛼 is the coefficient of interest and 

captures the average effect of the limit-induced constraint on at-limit school districts during the 

sample period.  

𝑃 and 𝑇 in equation (1) are pre-trend and post-trend variables, respectively. The post-trend 

variable, 𝑇, equals (𝑡 − 𝑡∗) for at-limit districts when 𝑡 > 𝑡∗ and 0 otherwise. The coefficient of 

this variable, 𝜃, indicates whether the immediate effect of the limit captured by 𝐷 stays constant 

(𝜃 ≈ 0) or changes at an annually constant rate of 𝜃 (𝜃 is statistically significant). The pre-trend 

variable, 𝑃, equals (𝑡 − 𝑡∗) for at-limit districts and 0 otherwise. This variable captures at-limit 

school districts’ linear trend for the entire sample period. While controlling for the post-trend 

variable, the pre-trend variable examines an assumption that at-limit and comparison school 

districts share a common trend before 𝑡∗. This is a key identifying assumption for the causal 

inference of DID specifications. A statistically insignificant coefficient, 𝛾, of 𝑃 suggests that this 

assumption holds.  

We include a series of control variables (𝑊) suggested in the education cost function literature 

(Duncombe & Yinger, 2011). 𝑊 consists of two groups of variables. The first group captures 

cost-related factors, namely logged enrollment, the percentages of economically disadvantaged 

students, special education students, English Language Learner students, and African American 

students. The second group represents factors that are related to demand for and efficiency of 

infrastructure expenditures, including the log of median household income, tax share, state aid 

per pupil, and federal aid per pupil, as well as the percentages of adults (aged 25 years and over) 

with a four-year college education and owner-occupied housing units. 

The more a school district would like to spend on operating activities, the more likely it is to 

reach its limit. As we argued in the previous section, operating and capital expenditures are 
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simultaneously determined by the school district. All of this suggests that the key variables, 𝐷, 𝑃, 

and 𝑇, could potentially be endogenous, even when controlling for 𝑊, year and school district 

fixed effects. A way to diagnose and minimize the bias is to use nonparametric event-study 

designs. In addition to the bias-diagnostic and bias-minimizing benefits, event-study designs, 

unlike the DID specification, allow for annual variations in the effects of the limit.  

An event-study specification takes the following form: 

ln 𝐸!" = 𝜏" + 𝜇! +	 : 𝜃$𝑇$,!"

&

$'()

+ 𝛽𝑊!" + 𝜖!" (2) 

where 𝜏, 𝜇, and 𝑊 are the same as equation (1). 𝑇$ represents a series of binary indicators and 

equals 1 for at-limit districts when 𝑡 = 𝑡∗ − 1 + 𝑟, where 𝑟 is the number of years before 

(𝑟 < 0) or after (𝑟 > 0) the baseline year—the year that immediately precedes 𝑡∗, 𝑡∗ − 1. The 

baseline year is omitted and used a reference year. Specifically, 𝜃$ is the corresponding 

coefficient of 𝑇$ and represents the effects of the tax limit 𝑟 years after or before the baseline 

year, 𝑟 = 0. We observe a maximum of eight years before (𝑡∗ − 1), and a maximum of nine years 

after (𝑡∗ − 1). Therefore, for parsimony, 𝑟 = −4 represents four or more years before the 

baseline year (𝑡∗ − 1) and 𝑟 = 5 pools five or more years after (𝑡∗ − 1). The coefficients of pre-

trend binary indicators, 𝑇$'() to 𝑇$'(*, test the common pre-trend assumption whether at-limit 

and comparison school districts have a common pre-trend in outcomes. The post-trend 

indicators, 𝑇$'* to 𝑇$'&, indicate the annually varying effects of the limit on 𝐸 starting with the 

first year of being at limit. 
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We estimate equations (1) and (2) with various dependent variables that are discussed in the 

subsequent section. Hypothesis testing is done using robust standard errors clustered at the 

school district level. 

III.b Additional analyses 

We conduct multiple additional analyses. The first set of these analyses revolve around 

examining the heterogeneity in the effects of the limit by district groups—the answer to the 

second question. As with Nguyen-Hoang and Zhang (2022), we use four groups of school 

districts categorized by the state-calculated need/resource capacity (NRC) index: urban high-

need, rural high-need, average-need, and low-need school districts.4 In other words, we allow 

each group, 𝑇+ of at-limit districts to have their own set of post-trend binary indicators. In 

addition, we test to see if the estimates vary with the number of at-limit years. Districts in each 

NRC group were divided into three groups based on the number of years they were constrained 

by the limit. 

As indicated earlier, infrastructure can be funded by property tax revenues, debt, and state aid. 

The second set of additional analyses is to address the third research question, that is, the extent 

to which the observed effects in the three primary dependent variables of IAE can be attributed 

to changes in school districts’ debt financing and state infrastructure aid.  

Third, we conduct a series of sensitivity analyses. In the main estimations, we do not consider 

the subsequent events of being at limit. Following Lafortune et al. (2018) and Nguyen-Hoang 

and Zhang (2022), we replicate the data for school districts with multiple events. Specifically, a 

 
4 A measure for need used in the NRC index is the share of eligible free or reduced-priced lunch 
students, and capacity is measured partly by full property valuation. More detailed information 
on how the index is calculated is available at https://www.p12.nysed.gov/irs/accountability/2011-
12/NeedResourceCapacityIndex.pdf.  

https://www.p12.nysed.gov/irs/accountability/2011-12/NeedResourceCapacityIndex.pdf
https://www.p12.nysed.gov/irs/accountability/2011-12/NeedResourceCapacityIndex.pdf
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district with four at-limit events has four copies (or cohorts); each cohort has only one event. We 

then stack all replicated cohorts with no-event districts. The coding method for 𝑇$ in equation (2) 

is the same as before, and μ now represents district-cohort fixed effects. We also examine the 

sensitivity of the results when we change 𝜀 to be 1%, instead of 0.1%. A larger 𝜀 value is 

expected to dilute the results of the limit, as this approach considers more school districts that are 

less likely to be constrained by the limit as ‘treatment’ districts. We also explore the extent to 

which staggered treatment setting may bias our results. We apply Goodman-Bacon’s (2021) 

decomposition method to determine what types of comparisons among early-, late-, and never-

treated districts drive the estimated results. 

III.c Variables and data 

To capture a school district’s IAE, we use two variables: the values on machinery and equipment 

(M&E), and buildings. The values of these two items are reported on a school district’s balance 

sheet. M&E represents the acquisition values of machinery, tools, trucks, buses, computers, and 

furnishings. The building account reflects the original purchase prices of all permanent buildings 

and the fixtures attached to those buildings as well as all annually completed building 

improvements and upgrades. While district fixed effects control for the stable components of 

M&E and building (i.e., acquisition values), our estimation model captures the effects of annual 

changes in M&E and building values. 

Given that school districts may issue debt or seek more state aid to finance infrastructure, we use 

two variables, namely debt outstanding and building aid. In NY, the building aid program is an 

open-ended matching aid for state-approved instructional (not administrative) buildings costing 

more than $10,000 and for school bus garages. The building aid covers between 10% and 95% of 
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the approved project cost, and gives more incentives for renovation than for new construction 

(State Aid Work Group, 2002). 

Table 1 provides summary statistics of the variables (and their sources) we used in our 

regressions. The sample is panel data for 663 New York state school districts from 2011 through 

2020; 29 of these 663 districts were never at limit during the sample period. This study focuses 

on two main dependent variables, machinery & equipment, and buildings. The average values of 

M&E and building are $5.3 and $60 million, respectively. Among the four subgroups, urban 

high-need school districts have the highest average values, while rural high-need school districts 

have the lowest average values for these two dependent variables. The mean value of the 

indicator, D, is 0.43, indicating that during the study period, approximately half of the district-

years were at-limit occurrences. In addition, low-need districts that rely the least on property 

taxes have the highest share (0.5) of at-limit years among the four district groups.  

IV. Results 

We estimate the DID models and present the main results in Table 2. Columns 1 and 3 show 

results from models with a single dummy treatment indicator, D. These columns show that the 

limit has some negative effects on M&E and buildings, but these effects are not statistically 

significant. Columns 2 and 4 present results from models with both pre- and post-trend variables. 

When controlling for the two trend variables, the limit does not have an immediate effect on at-

limit districts immediately (i.e., D is not statistically significant). Instead, these districts annually 

lower their investments in M&E and buildings by 1% and 0.5%, respectively, as a result of the 

limit. These effects, however, are statistically significant at the 10% level. While the results are 

only marginally significant, they suggest potential effects of the limit that justify using more 
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flexible specifications, including the event-study design. In addition, the three pre-trend variables 

are not statistically significant, offering initial support for the common pre-trend assumption.  

Figure 2 presents nonparametric event-study results obtained by estimations of equation (3). The 

figure does not show strong evidence on the effects of the limit on the two outcomes of interest. 

The coefficients of T1 to T5 show the imprecise negative effects of the limit on the two outcomes. 

The absolute values of the coefficients increase over time. However, none of the point estimates 

is statistically significant at the 5% level. We also find no statistically significant effects in the 

years preceding the limit, providing additional support for the common pre-trend assumption. 

Overall, the findings provide some evidence of small, gradual decreases; however, all these 

coefficients are estimated imprecisely.  

Figure 3 displays the results regarding whether the effects, or the absence of effects, differ by 

four NRC-based district groups. The results reveal that the limit has no significant effect on 

average and low-need school districts. However, it is worth noting that Nguyen-Hoang and 

Zhang (2022) find that the operating expenditures of both district types are significantly 

constrained by the limit. The results in Figure 3 suggest that the limit follows the expected 

pattern for these districts when the capital levy is not subject to any limitation.  

In contrast, we find that at-limit urban high-need school districts are the only district type whose 

values of M&E are negatively affected by the limit. Specifically, the districts’ M&E values 

would have been higher by 10.8% in year 3, 15.7% in year 4, and 19.5% in year 5 and beyond. 

Similarly, rural high-need school districts would have had higher building values in years 1, 2, 

and 5 onwards. For example, the limit reduced this district group’s building value by 3.8% in 

year 5 and beyond. Overall, these results suggest that rural and urban high-need districts treat 

labor and capital as complements, which aligns with the third scenario we explained earlier. 
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Figure 4 represents the results using stacked data. The results in Figure 4 show similar patterns to 

those in Figure 3. However, there are a few differences. First, there are more statistically 

significant point estimates with stacked data than with the original (unstacked) data. For 

example, the M&E values for urban high-need school districts are significant in all post-event 

years, as opposed to only in years 3 and beyond as shown in Figure 3. This makes sense because 

the larger number of observations with stacked data leads to smaller standard errors and thus 

more precise estimations. Second, the absolute values of the point estimates are smaller with 

stacked data than with unstacked data. For example, the building values of rural high-need 

districts would have been 3.8% higher with unstacked data but 1.9% higher with stacked data. 

This observation is explained by the fact that each cohort in stacked data contains only one 

event, whereas 73% of at-limit districts experience more than one event during the sample 

period. In other words, the effects of the limit on the districts with more than one event 

accumulate over the years, resulting in larger (in absolute value) point estimates. 

Figure 5 shows the results using the numbers of at-limit years that represent the intensity of the 

limit. Since these numbers vary from one district to another, we categorize at-limit districts into 

three groups using this intensity measure: 201 districts being at limit 1 to 3 times (light), 228 

districts being at limit 4 to 5 times (moderate), and 205 districts being at limit 6 to 8 times 

(heavy). Given that Figure 3 shows that the limit has significant effects on the M&E of urban 

high-need districts and the building value of rural high-need districts, Figure 5 focuses on these 

two types of districts. This figure shows that the negative effects of the limit on districts’ M&E 

increase in absolute value with the duration of being at limit. The moderate group districts, for 

example, show more significant large decreases than the light group of districts. However, we 

find similarity in the effects of the limit among the three groups in year 5 and beyond. The 
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findings for rural high-need districts’ building values show no clear patterns that differ by the 

three groups.  

Figures 6 and 7 address the third research question, that is whether at-limit school districts issue 

more debt or seek out more state aid. Figure 6 shows that almost all point estimates are not 

statistically significant, regardless of whether the data are unstacked or stacked. In other words, 

at-limit school districts do not seem to issue more debt for infrastructure projects. Figure 7 shows 

that with unstacked data, the building aid of at-limit school districts has no significant change in 

event years. However, the results obtained with stacked data show significant increases’ building 

aid in all post-event years for urban high-need districts. Compared to the results in Figure 4, 

these increases in building aid correspond with higher building value, suggesting that urban high-

need school districts may be using the building aid for annual renovations. Overall, there is no 

evidence that, except for urban high-need districts, districts manage to issue more debt or seek 

out more state aid in response to the limit. 

The results we previously discussed are based on at-limit districts, defined as those with a 

proposed levy within 0.1% of their levy limit in a year, or with an annual distance to limit, 𝜀, 

equal to 0.1%. We now enlarge the distance to limit to be 1%. This tenfold increase in 𝜀 means 

that many of the newly-defined at-limit districts are now likely to be unconstrained, potentially 

biasing estimated results. Tables 3 and 4 document the results for using this new definition of at-

limit districts. Table 3 shows that similar to Figure 2, point estimates are statistically 

insignificant in all event years. However, all pre-trend variables of building values are 

statistically significant, providing no support for the common pre-trend assumption. Table 4 

shows that M&E and building values exhibit similar patterns to those represented by Figure 3, 

but with a fewer number of statistically significant point estimates. As with Table 3, all pre-trend 
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variables for building values are statistically significant. Overall, Tables 3 and 4 show expected 

results with an enlarged distance to limit. 

We perform the Goodman-Bacon’s (2021) decomposition to analyze the weights underlying our 

staggered DID estimates. Appendix Table A6 displays the results that estimates for the 

subgroups using districts with different treatment times (“Timing groups”) are more heavily 

weighted and are smaller in absolute value than the comparisons between districts treated during 

the sample period and those that did not (“Never versus timing”), indicating the potential for 

downward bias in the average estimates. Weights associated with the clean comparison of treated 

districts to never treated districts are around 31 percent for the high-need urban sample and 22 

percent for the high-need rural sample. The estimates for the two outcomes are all negative in 

these highly weighted comparisons. 

We also check the portion driven by comparisons, with later-treated districts as the treatment 

group and earlier-treated districts as the control group. Despite receiving a higher weight (0.4562 

and 0.4748), the estimated effects are relatively smaller, indicating that these late-versus-early 

district comparisons do not substantially drive the results. Overall, these tests indicate 

consistently negative estimates when excluding this source of late-versus-early district 

comparisons and relying solely on treated and untreated unit comparisons. This supports the 

robustness of the results presented previously in this paper. 

V. Conclusions 

Several studies examine the effects of tax and expenditure limitations (TELs) on municipal 

capital fiscal outcomes or school district operating expenditures (Wang & Wu, 2018). Moreover, 

many other studies investigate the important role of school facility conditions or school capital 
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investments on student performance (Lafortune & Schönholzer, 2022). However, no study has 

been conducted to focus on the effects of TELs on school districts’ infrastructure investments.  

Starting in 2013, school districts in New York are subject to property tax limits on their levy for 

operating purposes. Two recent studies examine the effects of this limit. Nguyen-Hoang and 

Zhang (2022) find that the limit puts a constraint or cap on at-limit school districts that exhaust 

their limits. Sorensen et al. (2021) find that the limit-induced revenue decline reduces student test 

performance. This study contributes to the limited literature on the NY tax limit and aims to fill 

the previously mentioned literature gap. Specifically, this is the first study to examine the 

potential effects of property tax levy limits on school infrastructure assets and expenditures 

(IAE). We examine how the limit on school districts’ property tax levy in New York may affect 

school IAE. Although this limit imposes a restriction only on operating, rather than capital, 

property tax levy, we hypothesize that the limit may have spillover effects on school IAE. We 

examine this hypothesis by employing a difference-in-differences estimation approach together 

with an event-study design on a panel of school districts between 2011 and 2020. We find that 

at-limit school districts, especially urban high-need districts, reduce the expenditures on 

machinery and equipment. In addition, the limit has a negative effect on rural high-need 

infrastructure assets captured by the building value. We also find that at-limit school districts do 

not issue more debt and that urban high-need districts seek out more matching state infrastructure 

aid. All these results indicate that school districts that are most likely to be constrained by the 

limit treat operation and capital resources as complements, rather than substitutes. 

This study suggests that while the limit aims to constrain school operating expenditures, our 

findings reveal additional consequences not addressed in Nguyen-Hoang and Zhang (2022). In 

light of other research highlighting the positive effects of school capital investments on student 
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performance, our study offers an additional plausible explanation for Sorensen et al.’s (2021) 

finding regarding the limit’s negative effect on student performance. Specifically, a fall in 

student performance may be due to both a reduction in school IAC and a drop of operating 

revenues. 
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Figure 1. Property Tax Limit Formula  
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Note: Information on this formula, district-specific annual tax base growth factor, and statewide annual allowable levy growth is 
available at https://www.osc.state.ny.us/local-government/property-tax-cap/real-property-tax-cap-local-governments  
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Table 1.  

 Overall Mean by subgroup Data 
source Variables Mean SD Urban 

high-need 
Rural 

high-need 
Average-

need 
Low-need 

Key variables        
Machinery & equipment 5,262,859 4,837,530 6,675,763 3,943,496 5,688,908 5,231,456 1 
Buildings 55,985,888 49,395,395 101,278,145 36,193,123 55,400,403 65,111,920 1 
D (= 1 if DL ≤ 0.1 and 0 otherwise) 0.43 0.49 0.37 0.36 0.43 0.50 1, 3 
D=1 between 1 and 3 times 0.30 0.46 0.37 0.40 0.28 0.24 1, 3 
D=1 between 4 and 5 times 0.34 0.48 0.28 0.32 0.39 0.27 1, 3 
D=1 between 6 and 8 times 0.31 0.46 0.23 0.20 0.30 0.48 1, 3 
        

Control variables        
Enrollment 2,252 2,301 4,865 978 2,278 2,781 1 
% of free-/reduced-price lunch students 40 20 70 56 39 14 1 
% of special education students 14 3 15 15 14 13 1 
% of ELL students 3 5 11 1 2 3 1 
% of black students 5 9 22 2 4 3 1 
Median homeowner income 70,447 30,227 51,849 48,085 65,612 113,346 2 
Tax share 0.32 0.15 0.44 0.26 0.31 0.39 1, 2, 3 
% of adults with college education 30 15 22 17 29 51 2 
% of owner-occupied housing units 77 12 57 76 78 83 2 
State aid per pupil 9,712 5,183 11,778 15,373 9,208 3,967 1 
State hardware and technology aid per 
pupil 

14 7 19 18 14 6 1 

State building aid per pupil 1,358 1,009 1,274 2,233 1,318 505 1 
Federal aid per pupil 779 717 1,149 1,161 708 410 1 

Notes: There are 6,630 observations for 663 NY school districts. 
Data sources: Data sources include the New York State Education Department (1), American Community Surveys (2), and (3) 
authors’ calculations. 
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Table 2. DID results 

 M&E Buildings 
 (1) (2) (3) (4) 
Post-event (D) −0.0082 −0.0025 −0.0008 0.0055 
 (0.0093) (0.0086) (0.0048) (0.0042) 
Pre-trend (P)  0.0020  −0.0041 
  (0.0078)  (0.0042) 
Post-trend (T)  −0.0102*  −0.0049* 
  (0.0056)  (0.0025) 

Notes: There are 6,630 observations from 663 school districts. All estimations are obtained with 
year and district fixed effects and all control variables reported in Table 1. Robust standard errors 
clustered at the district level are in parentheses. * p <0.1; ** p < 0.05; *** p < 0.01. 
 

 

Figure 2. Event-study results 

Notes: There are 6,630 observations from 663 school districts. An event occurs when a school 
district is at limit for the first time. All estimations are obtained with year and district fixed 
effects and all control variables reported in Table 1. Robust standard errors clustered at the 
district level are in parentheses. Table A1 in the appendix provides full information for these 
estimations.



 
 

25 

 

 

Figure 3. Event-study NRC-based subgroup analysis  

Notes: There are 6,630 observations from 663 school districts. A black circle indicates a significance level of at least 5 percent. All 
estimations are obtained with year and district fixed effects and all control variables reported in Table 1. Robust standard errors 
clustered at the district level are in parentheses. Table A2 in the appendix provides full information for these estimations. 
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Figure 4. Event-study NRC-based subgroup analysis with stacked data 

Notes: There are 28,560 observations from 2,856 stacks and 663 school districts. A black circle indicates a significance level of at 
least 5 percent. All estimations are obtained with year and district fixed effects and all control variables reported in Table 1. Robust 
standard errors clustered at the district level are in parentheses. Table A3 in the appendix provides full information for these 
estimations. 
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Figure 5. Event study subgroup analysis with treatment duration 
Notes: The left panel includes 430 observations from 43 urban high-need school districts. The right panel includes 1,510 observations 
from 151 rural high-need school districts. A black circle indicates a significance level of at least 5 percent. All estimations are 
obtained with year and district fixed effects and all control variables reported in Table 1. Robust standard errors clustered at the 
district level are in parentheses. Table A4 in the appendix provides full information for these estimations. 
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Figure 6. Event-study NRC-based subgroup analyses for debt outstanding  

Notes: A black circle indicates a significance level of at least 5 percent. All estimations are obtained with year and district fixed effects 
and all control variables reported in Table 1. Robust standard errors clustered at the district level are in parentheses. Columns 1 and 2 
of Table A5 in the appendix provides full information for these estimations. 
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Figure 7. Event-study NRC-based subgroup analyses for state building aid 

Notes: A black circle indicates a significance level of at least 5 percent. All estimations are obtained with year and district fixed effects 
and all control variables (except for state aid) reported in Table 1. Robust standard errors clustered at the district level are in 
parentheses. Columns 3 and 4 of Table A5 in the appendix provides full information for these estimations. 
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Table 3. Sensitivity main results with 𝜀 = 1% 

Key variables 
M&E Building 

(1) (2) 
T≤-4 −0.0194 −0.0502** 
 (0.0369) (0.0213) 
T-3 −0.0031 −0.0337** 
 (0.0297) (0.0163) 
T-2 −0.0008 −0.0272** 
 (0.0181) (0.0112) 
T-1 −0.0013 −0.0140** 
 (0.0112) (0.0061) 
T1 0.0081 0.0050 
 (0.0094) (0.0049) 
T2 0.0043 0.0047 
 (0.0155) (0.0087) 
T3 0.0099 0.0073 
 (0.0218) (0.0119) 
T4 0.0057 0.0072 
 (0.0259) (0.0148) 
T≥5 0.0138 0.0023 
 (0.0301) (0.0185) 

Notes: There are 6,630 observations from 663 school districts. The table repeats the estimates from Table A1 but with 𝜀 = 1 percent. 
Standard errors are clustered at the district level. * p <0.1; ** p < 0.05; *** p < 0.01. 
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Table 4. Event study subgroup analysis with 𝜀 = 1% 

District groups 
Key 
vars. 

M&E Building 
(1) (2) 

Urban high-need T1 −0.0052 0.0143 
  (0.0197) (0.0155) 
 T2 −0.0565 0.0252 
  (0.0435) (0.0238) 
 T3 −0.0551 0.0455* 
  (0.0444) (0.0234) 
 T4 −0.0625 0.0537** 
  (0.0525) (0.0267) 
 T≥5 −0.1118* 0.0334 
  (0.0573) (0.0368) 
Rural high-need T1 0.0203 0.0004 
  (0.0140) (0.0059) 
 T2 0.0176 −0.0031 
  (0.0190) (0.0088) 
 T3 0.0412 0.0017 
  (0.0271) (0.0124) 
 T4 0.0270 −0.0022 
  (0.0323) (0.0155) 
 T≥5 0.0343 −0.0056 
  (0.0331) (0.0189) 
Average-need T1 0.0026 0.0067 
  (0.0114) (0.0061) 
 T2 0.0102 0.0058 
  (0.0155) (0.0099) 
 T3 0.0119 0.0053 
  (0.0220) (0.0129) 
 T4 0.0149 0.0058 
  (0.0256) (0.0157) 
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 T≥5 0.0257 0.0004 
  (0.0303) (0.0192) 
Low-need T1 0.0229 0.0004 
  (0.0151) (0.0082) 
 T2 0.0130 0.0000 
  (0.0238) (0.0115) 
 T3 0.0180 0.0009 
  (0.0255) (0.0149) 
 T4 0.0137 0.0005 
  (0.0306) (0.0181) 
 T≥5 0.0381 0.0015 
  (0.0336) (0.0223) 
Pre-trend variables T≤−4 −0.0285 −0.0479** 
  (0.0364) (0.0215) 
 T−3 −0.0088 −0.0323* 
  (0.0295) (0.0167) 
 T−2 −0.0055 −0.0260** 
  (0.0177) (0.0114) 
 T−1 −0.0034 −0.0135** 
  (0.0111) (0.0061) 

Notes: There are 6,630 observations from 663 school districts. The table repeats the estimates from Table A2 but with 𝜀 = 1 percent. 
Standard errors are clustered at the district level. * p <0.1; ** p < 0.05; *** p < 0.01. 
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Appendix 

Table A1. Event-study results 

Key 
vars. 

M&E Buildings 
(1) (2) 

T≤-4 −0.0280 0.0097 
 (0.0296) (0.0152) 
T-3 −0.0146 −0.0018 
 (0.0193) (0.0107) 
T-2 0.0021 −0.0069 
 (0.0134) (0.0079) 
T-1 0.0007 −0.0013 
 (0.0081) (0.0040) 
T1 −0.0030 −0.0033 
 (0.0083) (0.0041) 
T2 −0.0098 −0.0096 
 (0.0138) (0.0067) 
T3 −0.0159 −0.0118 
 (0.0181) (0.0096) 
T4 −0.0356 −0.0200 
 (0.0227) (0.0122) 
T≥5 −0.0301 −0.0304 
 (0.0289) (0.0162) 

Notes: There are 6,630 observations from 663 school districts. An event occurs when a school district is at limit for the first time. All 
estimations are obtained with year and district fixed effects and all control variables reported in Table 1. Robust standard errors 
clustered at the district level are in parentheses. ** p < 0.05; *** p < 0.01. 
  



 

 
 

34 

Table A2. Event-study NRC-based subgroup analyses 

District groups 
Key 
vars. 

M&E Buildings 
(1) (2) 

Urban high-need T1 −0.0157 0.0235 
  (0.0212) (0.0181) 
 T2 −0.0805 0.0173 
  (0.0460) (0.0250) 
 T3 −0.1076** 0.0314 
  (0.0452) (0.0231) 
 T4 −0.1565*** 0.0236 
  (0.0578) (0.0296) 
 T≥5 −0.1953*** −0.0093 
  (0.0581) (0.0370) 
Rural high-need T1 0.0090 −0.0115** 
  (0.0137) (0.0051) 
 T2 −0.0135 −0.0195** 
  (0.0179) (0.0076) 
 T3 −0.0054 −0.0177 
  (0.0223) (0.0111) 
 T4 −0.0401 −0.0278 
  (0.0279) (0.0142) 
 T≥5 −0.0290 −0.0377** 
  (0.0314) (0.0172) 
Average-need T1 −0.0031 −0.0018 
  (0.0113) (0.0054) 
 T2 0.0032 −0.0084 
  (0.0155) (0.0077) 
 T3 −0.0065 −0.0121 
  (0.0202) (0.0106) 
 T4 −0.0134 −0.0192 
  (0.0241) (0.0129) 
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 T≥5 −0.0175 −0.0309 
  (0.0303) (0.0169) 
Low-need T1 −0.0081 −0.0055 
  (0.0141) (0.0079) 
 T2 −0.0097 −0.0098 
  (0.0220) (0.0098) 
 T3 −0.0122 −0.0176 
  (0.0234) (0.0120) 
 T4 −0.0360 −0.0263 
  (0.0292) (0.0157) 
 T≥5 −0.0039 −0.0275 
  (0.0335) (0.0201) 
Pre-trend variables T≤-4 −0.0322 0.0094 
  (0.0295) (0.0152) 
 T-3 −0.0172 −0.0021 
  (0.0193) (0.0108) 
 T-2 0.0002 −0.0071 
  (0.0134) (0.0079) 
 T-1 −0.0001 −0.0013 
  (0.0081) (0.0040) 

Notes: There are 6,630 observations from 663 school districts. Each column comes from a separate regression that allows interaction 
between post-event years and binary indicators of the NRC-based district groups. Robust standard errors are clustered at the district 
level. ** p < 0.05; *** p < 0.01. 
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Table A3. Event study NRC-based subgroup analyses with stacked data 

District groups 
Key 
vars. 

Machinery & 
Equipment 

Buildings 

(1) (2) 
Urban high-need T1 −0.0848*** 0.0212 
  (0.0182) (0.0113) 
 T2 −0.1065*** 0.0301** 
  (0.0211) (0.0131) 
 T3 −0.1135*** 0.0343** 
  (0.0238) (0.0145) 
 T4 −0.1377*** 0.0291 
  (0.0277) (0.0177) 
 T≥5 −0.1651*** 0.0275 
  (0.0348) (0.0205) 
Rural high-need T1 −0.0047 −0.0049 
  (0.0066) (0.0031) 
 T2 −0.0107 −0.0088** 
  (0.0082) (0.0041) 
 T3 −0.0100 −0.0099 
  (0.0105) (0.0055) 
 T4 −0.0164 −0.0132 
  (0.0131) (0.0068) 
 T≥5 −0.0074 −0.0189** 
  (0.0166) (0.0087) 
Average-need T1 0.0065 −0.0010 
  (0.0049) (0.0023) 
 T2 0.0122 −0.0023 
  (0.0069) (0.0035) 
 T3 0.0135 −0.0037 
  (0.0091) (0.0048) 
 T4 0.0153 −0.0066 
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  (0.0114) (0.0061) 
 T≥5 0.0116 −0.0123 
  (0.0149) (0.0082) 
Low-need T1 0.0013 0.0003 
  (0.0077) (0.0035) 
 T2 0.0025 0.0017 
  (0.0096) (0.0044) 
 T3 0.0124 0.0010 
  (0.0113) (0.0058) 
 T4 0.0151 0.0012 
  (0.0142) (0.0074) 
 T≥5 0.0307 0.0015 
  (0.0178) (0.0098) 
Pre-trend variables T≤-4 −0.0083 0.0032 
  (0.0113) (0.0063) 
 T-3 −0.0065 −0.0007 
  (0.0078) (0.0044) 
 T-2 −0.0017 −0.0008 
  (0.0059) (0.0031) 
 T-1 −0.0010 0.0000 
  (0.0038) (0.0018) 

Notes: There are 28,560 observations from 2,856 stacks and 663 school districts. The table repeats the estimates from Table A2 but 
with stacked data. Standard errors are clustered at the stack level. * p <0.1; ** p < 0.05; *** p < 0.01. 
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Table A4. Event study subgroup analyses with treatment duration 

District groups  Machinery & 
Equipment 

Buildings 

  (1) (2) 
Times at limit (1-3) T1 −0.0371 −0.0053 
  0.0409 0.0075 
 T2 −0.0476 −0.0081 
  0.0457 0.0124 
 T3 −0.0903 −0.0007 
  0.0613 0.0186 
 T4 −0.1356* −0.0094 
  0.0763 0.0237 
 T≥5 −0.2579** 0.0025 
  0.1189 0.0291 
Times at limit (4-5) T1 −0.0443 −0.0154* 
  0.0351 0.0079 
 T2 −0.1281* −0.0205 
  0.0698 0.0135 
 T3 −0.1744** −0.0179 
  0.0733 0.0188 
 T4 −0.3540** −0.0082 
  0.1546 0.0227 
 T≥5 −0.2980*** −0.0232 
  0.1037 0.0287 
Times at limit (6-8) T1 −0.0176 −0.0166* 
  0.0358 0.0092 
 T2 −0.2695* −0.0263* 
  0.1432 0.0147 
 T3 −0.2446* −0.0183 
  0.1326 0.0210 
 T4 −0.2111** −0.0364 
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  0.0983 0.0322 
 T≥5 −0.2656** −0.0203 
  0.1117 0.0339 
Pre-trend variables T≤-4 0.0842 −0.0017 
  0.0857 0.0292 
 T-3 0.0595 −0.0053 
  0.0696 0.0197 
 T-2 0.0387 0.0052 
  0.0442 0.0137 
 T-1 0.0083 0.0030 
  0.0182 0.0069 

Notes: Column (1) includes 430 observations from 43 urban high-need school districts. Column (2) includes 1,510 observations from 
151 rural high-need school districts. Standard errors are clustered at the stack level. * p <0.1; ** p < 0.05; *** p < 0.01. 
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Table A5. Event study subgroup analyses on debt and building aid 

District groups 
Key 
vars. 

Debt outstanding Building aid 
Unstacked data Stacked data Unstacked data Stacked data 

(1) (2) (3) (4) 
Urban high-need T1 0.0001 −0.000243 0.0023 0.00165*** 

  (0.0002) (0.000140) (0.0016) (0.000469) 
 T2 0.0000 −0.000318 0.0025 0.00191*** 
  (0.0002) (0.000172) (0.0017) (0.000540) 
 T3 0.0001 −0.000377 0.0026 0.00215*** 
  (0.0003) (0.000219) (0.0017) (0.000610) 
 T4 0.0002 −0.000369 0.0032 0.00253*** 
  (0.0004) (0.000272) (0.0020) (0.000724) 
 T≥5 0.0000 −0.000538 0.0032 0.00304*** 
  (0.0005) (0.000356) (0.0021) (0.000922) 

Rural high-need T1 0.0002 −0.000109 −0.0004 −0.000568 
  (0.0002) (0.000215) (0.0003) (0.000480) 
 T2 0.0002 −0.000198 −0.0005 −0.000535 
  (0.0002) (0.000252) (0.0006) (0.000520) 
 T3 0.0008 −0.000232 −0.0010 −0.000494 
  (0.0008) (0.000318) (0.0011) (0.000605) 
 T4 0.0002 −0.000477 0.0011 −0.000203 
  (0.0003) (0.000249) (0.0011) (0.000679) 
 T≥5 0.0001 −0.000605 −0.0007 −0.000831 
  (0.0004) (0.000313) (0.0010) (0.000714) 

Average-need T1 0.0000 −0.0000605 0.0004 0.0000265 
  (0.0001) (0.0000785) (0.0004) (0.000153) 
 T2 0.0001 0.0000104 0.0003 0.0000186 
  (0.0002) (0.000107) (0.0004) (0.000241) 
 T3 0.0000 0.0000323 0.0003 −0.0000801 
  (0.0003) (0.000151) (0.0004) (0.000355) 
 T4 0.0000 0.0000610 0.0004 −0.0000872 
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  (0.0003) (0.000188) (0.0006) (0.000461) 
 T≥5 0.0004 0.000210 0.0001 −0.000284 
  (0.0004) (0.000258) (0.0006) (0.000592) 

Low-need T1 0.0014 0.000446 0.0011 0.000729** 
  (0.0008) (0.000321) (0.0007) (0.000310) 
 T2 0.0003 0.000236 0.0010 0.000999** 
  (0.0002) (0.000279) (0.0008) (0.000427) 
 T3 0.0010** 0.000211 0.0013 0.00118 
  (0.0005) (0.000378) (0.0008) (0.000604) 
 T4 0.0004 0.000139 0.0019 0.00139** 
  (0.0005) (0.000372) (0.0012) (0.000698) 
 T≥5 0.0008 0.0000993 0.0018 0.00133 
  (0.0006) (0.000359) (0.0013) (0.000797) 

Pre-trend variables T≤-4 −0.0001 0.0000414 0.0010 −0.000154 
  (0.0003) (0.000234) (0.0009) (0.000474) 
 T-3 −0.0001 −0.0000258 0.0006 −0.0000948 
  (0.0002) (0.000178) (0.0007) (0.000326) 
 T-2 −0.0001 0.0000330 −0.0007 0.0000231 
  (0.0002) (0.000149) (0.0008) (0.000294) 
 T-1 0.0000 −0.0000221 0.0013 0.000105 
  (0.0001) (0.0000999) (0.0011) (0.000185) 

With state aid  Yes Yes No No 
Notes: Unstacked data in Columns (1) and (3) includes 6,630 observations from 663 school districts. Stacked data in Columns (2) and 
(4) includes 28,560 observations from 2,856 stacks and 663 school districts. The table repeats the estimates from Table A2 but with 
unstacked and stacked data, as well as debt and building aid outcomes. Standard errors are clustered at the stack level. * p <0.1; ** p < 
0.05; *** p < 0.01. 
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Table A6. Decomposition of Staggered DID Estimates  

Panel A: Urban high-need districts (M&E) 

With controls Beta Weight W/o controls Beta Weight 
 (1) (2)  (3) (4) 
DID estimate −0.0833** 

(0.0346) 
1 DID estimate −0.0946*** 

(0.0351) 
1 

Timing groups −0.0207 0.6719 Early vs. Late −0.0502 0.2159 
Never vs. timing −0.2403 0.3133 Late vs. Early −0.0115 0.4562 
Within component 0.4019 0.0147 Never vs. timing −0.2394 0.3279 

Panel B: Rurl high-need districts (Building) 

With controls Beta Weight W/o controls Beta Weight 
 (1) (2)  (3) (4) 
DID estimate −0.0132** 

(0.0061) 
1 DID estimate −0.0141** 

(0.0061) 
1 

Timing groups −0.0127 0.7742 Early vs. Late −0.0196 0.3007 
Never vs. timing −0.0184 0.2193 Late vs. Early −0.0085 0.4748 
Within component 0.0950 0.0065 Never vs. timing −0.0186 0.2245 

Notes: The table displays the weights and group estimates from the Goodman-Bacon (2021) decomposition. It unpacks the estimate as 
a weighted average of coefficients estimated from three distinct groups. Columns (1) and (2) include control variables while Columns 
(3) and (4) do not, using the sample of urban high-need districts (Panel A: 43 districts) and rural high-need districts (Panel B: 151 
districts). Standard errors are in parentheses. * p <0.1; ** p < 0.05; *** p < 0.01. 

 

 


