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Abstract

Local governments spend over 12 billion dollars annually funding the operation of 15,427
public libraries in the United States, yet we know little about their effects. We use data
describing the near-universe of public libraries to show that public library capital investment
increases library visits, children’s attendance at library events, and children’s circulation by
an average of 5-15% in the years following investment. Increases in library use translate
into improved test scores in nearby school districts: a $200 or greater per student capital
investment in local public libraries increases reading test scores by 0.01-0.04 standard deviations
in subsequent years.
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Research shows that neighborhoods play a critical role in child development. Where a child
grows up affects their academic performance, long-term educational attainment, and labor market
outcomes (e.g., Chetty and Hendren, 2018a; Chetty and Hendren, 2018b; Chyn, 2018). However,
despite a recognition that location matters for child development, there is much to learn about
which local policies and institutions create beneficial environments. In particular, while an
extensive literature studies whether and how local public school spending translates into student
achievement, less is known about the effects of other policy levers available to local governments.

In this paper, we analyze a ubiquitous yet understudied local institution: the public library. In
2018, there were 9,261 library systems across the United States, with 15,427 branches. Libraries
spent 12 billion dollars on operating costs, and patrons checked out over 2 billion items.'Beyond
their collections, libraries also provide instructional programs on topics ranging from literacy to
computer usage, job search, and tax preparation; and they serve as one of the few non-commercial
indoor spaces available to the public.? A particularly important focus of library services is child
development. In 2018, children checked out more than 750 million library items and attended
library events more than 80 million times nationwide.

Despite the popularity and abundance of libraries, it is difficult to study their effects due to two
major challenges. First, the vast majority of public library operations funding is determined locally;
in 2018, city and county governments provided 86 percent of library funding, with only 6.8 and
0.3 percent coming from state and Federal sources, respectively.® This local operating spending
is relatively stable from year-to-year, limiting researchers’ ability to exploit policy-generated
changes in annual expenditures. In addition, there is limited research causally linking changes in
library expenditures to changes in library resources and patron usage. Without estimating the
public library production function, it is difficult for researchers and policymakers to understand

how library investment generates community benefits.

LAll statistics are taken from the 2018 version of the Institute of Museum and Library Services’ (IMLS) Public
Library Survey. We discuss the construction of these data in Section II.

?Building on Andrew Carnegie’s observation that libraries are “palaces for the people,” Klinenberg (2018) argues
that libraries improve community health outcomes by providing vulnerable residents with a refuge of last resort.

3The remainder of funding is classified as coming from “other” sources in the IMLS data, and includes private
foundations and philanthropists.



We use new data and methods to address these challenges. We estimate how investment
in public libraries affects library operations, patron usage, and local communities, focusing on
student achievement. We compile library spending, revenue, and usage data collected annually
in the Institute of Museum and Library Services’ Public Library Survey. We link this data to
district-level test scores from the Stanford Education Data Archive (SEDA) and zip code-level
house price indices from Zillow and the Federal Housing Finance Agency (FHFA). Using this data,
we examine a specific type of library expenditure: capital spending on major renovations and
new library buildings. Unlike day-to-day expenses, capital investments are lumpy, allowing us to
identify discrete changes in public library investment. We show that the timing of these large-scale
investments is orthogonal to changes in other local government spending and local demographics.
Using these sharp changes in investment, we estimate the causal effects of library capital spending
with dynamic difference-in-difference models. We use a recently developed two-stage method
presented in Gardner (2021) and Borusyak, Jaravel, and Spiess (2021) that avoids biases common
in staggered difference-in-difference designs.

We first estimate the effect of capital spending on library resources and usage. We find that
library capital spending events larger than $200 per local student sharply increase library visits,
children’s circulation, and children’s attendance at library events by an average of 5-15 percent in
the years after library investment. Capital investment also increases library employees, spending
on salaries, and annual operating expenditures, and these increases exist on both an absolute and
per user basis. In other words, library capital investment increases both the quality and usage of
libraries.

Next, we test whether library capital investment affects children’s academic achievement.
We find that library capital spending increases nearby children’s reading test scores by 0.01-0.04
standard deviations in the seven years following the library investment shock, with the largest
effects coming five to seven years after the increased capital investment. We find mixed evidence
that library investment affects math test scores, consistent with the reading-focused mission of
libraries. For both test scores and library-level outcomes, we see sharp changes in outcomes in

the years after library investment but no differential pre-trends in the years leading up to those



capital spending events.

We test for heterogeneous effects of libraries across community and student characteristics.
Effects are largest in smaller districts and in districts that spent the most per student on schools
during our sample period. Together, these results suggest that the effects of libraries are larger
when libraries are more salient in the local community and that libraries may play a complementary
role with school spending. Across student characteristics, we see no evidence of differential effects
by grade or socioeconomic status. We find some evidence that our effect sizes are smaller for
Black and Asian students and larger for white and Hispanic students, but we cannot reject sizable
effects for all subgroups.

Our results are robust to measurement and specification choices, paying particular attention to
the possibility that results could be driven by selective migration of residents to areas with new and
improved public libraries. While we cannot observe individual student data, we explore whether
our results are explained by other time-varying local characteristics that correlate with library
expansions. We estimate our baseline model with these characteristics as the outcome variables
and show that library capital spending does not predict changes in student demographics, local
adult characteristics, or local school spending, addressing concerns about selective migration. In
addition, we show that our results are robust to controlling flexibly for these local characteristics
and state-year fixed effects using the Gardner (2021) method, standard two-way fixed effects
estimators, and the Callaway and Sant’Anna (2021) method. Lastly, we show that our results
satisfy two placebo tests: (1) small library capital investment shocks have no effect on test scores;
and (2) large library capital investment shocks near a school district, but outside of commuting
distance (30—50 miles from the district), have no impact on student achievement.

Prior work

Our results build on a small literature that tries to estimate the demand factors that drive
public library usage. For example, James (1985) studies how changes in local economic conditions
impact public library use. Palmer (1981) and Ottensmann (1997) estimate the impact of patrons’
distance to public libraries on the demand for services. Bekkerman and Gilpin (2013) estimate the

impact of access to high-speed residential Internet access on the demand for library services. We



focus on how library demand changes after large capital investments.

Several related papers focus on the community effects of libraries, particularly their potential
effects on children. Goldhor and McCrossan (1966) and Guryan, Kim, and Quinn (2014) study
the impact of summer reading clubs on reading skills. Bhatt (2010) instruments for library usage
with the distance to the nearest public library and finds that libraries increase the amount of
time children spend reading, reduce children’s television consumption, and increase homework
completion rates. Rodriguez-Lesmes, Trujillo, and Valderrama (2014) use a difference-in-difference
approach to show that the construction of two public libraries in Bogota, Colombia, did not affect
nearby high school students’ test scores. Porter (2015) finds that when libraries stayed open for
longer hours in Los Angeles, crime rates declined. Similarly, Neto, Nowicki, and Shakya (2021)
find that crime fell after a Kansas City, MO library branch opened. Neto (2022) finds no effect of
library programming on local labor market conditions using a lagged funding instrument.

Another set of papers examines the historical impact of public library investment in the early
1900s. Kevane and Sundstrom (2016) find that public library investment did not affect political
participation; Berkes and Nencka (2023) show that Carnegie libraries increased patenting rates,
and Karger (2021) finds that Carnegie libraries increased the long-run educational attainment and
earnings of exposed children. These papers use identification strategies that exploit the lack of
commonplace, high-quality libraries in the early 1900s. To our knowledge, this is the first paper
to show that library spending directly affects student achievement in the modern period.

Our results also relate to a literature that discusses and structurally models the public financing
of libraries. Early work recognized that libraries may be a public good, and their characteristics
could justify the government provision of library services (Tiebout and Willis, 1965). In public
finance, a literature analyzes the efficiency of public library spending relative to theoretical
benchmarks and other public institutions (e.g. Feldstein, 1977; Getz, 1980; DeBoer, 1992; Vitaliano,
1997; Vitaliano, 1998; Worthington, 1999; Hemmeter, 2006; Neto and Hall, 2019). Xie and Waldfogel
(2022) use the Public Library Survey to calibrate a structural model of the tradeoff between physical
and electronic holdings in public libraries. We show that discrete investments in public library

infrastructure have long-lasting effects on library visits, programming, and circulation patterns.



To benchmark our test score findings, we use a back-of-the-envelope calculation to com-
pare the magnitude of our results to the effects of public school capital spending. Our work is
methodologically similar to an extensive literature on the causal effects of school spending. Most
relevantly, a subset of this literature focuses on the effects of large, discrete capital investments
in schools. In a recent meta-analysis, Jackson and Mackevicius (2023) argue that the balance of
credible work suggests that both capital and operational school spending boosts test scores. Using
Jackson and Mackevicius’s estimates, we find that the typical large-scale library capital investment
increases test scores by a larger amount per dollar relative to spending on schools. This suggests
that library investment can be an important complement to public school investment. However,
we caution that precise dollar-to-dollar cost/benefit comparisons are complicated by two facts:
(1) the typical library capital investment is smaller than the typical school capital investment,
making dollar-to-dollar comparisons difficult, and (2) test scores are only one facet of the social
return to public library and school investment. Each may have broader and distinct effects on

local communities.

I Library policy background

Public libraries have always been community centers, but their mission and programming have
evolved over time. The modern idea of a public library in the United States emerged after the 1893
world fair in Chicago, where Melvil Dewey organized a library exhibit that inspired new libraries
across the country (Wiegand and Wiegand, 2018). Children’s sections in libraries became the norm
starting in the early 1900s, and a long-standing mission of libraries is increasing child literacy.
Following the development of the internet, libraries pivoted to providing more digital resources,
including e-books. At the same time, libraries increased in-person programming for children.
These events include story-time and early literacy services for newborns, reading tutoring for

older children, and topic-area programming for teens.

“Methodologically, this school spending literature and our paper are similar to other papers that focus on
continuous treatment variables that are analyzed as discrete treatment events (e.g., Neilson, 2020; Thompson, 2022;
Baron, 2022).



This renewed focus on in-library programming is evident in data on library use. From 1992-
2018, there was a 130 percent per capita increase in the number of children attending events at
libraries. This growth has accelerated in recent years. Children’s circulation increased 42 percent
over 1992-2018.° Library usage remains widespread, with 53 percent of families with children in
2015 reporting that they used a library in the past 12 months (Pew, 2015).

Public library services are funded by a mix of local, state, and national governments, as well
as private donations. Per capital library funding has remained relatively stable over the last 30
years, but the sources of that funding have changed over time. Most library revenue comes from
local taxes, and the relative importance of local funding has grown over time. According to the
IMLS Public Library Survey, in 1992, 79 percent of library income came from local sources; by
2018, this proportion had increased to 86 percent (IMLS, 2019). Increased local support made up
for declines in Federal (from 1 percent to 0.3 percent) and state (from 12 percent to 7 percent)
funding over this time period. Local funding models differ from jurisdiction to jurisdiction, but the
most common approach involves property taxes that fund ongoing operations. In this paper, we
focus on large, one-off capital expenditures. While these can be partially funded from operational
savings or Federal/state grants, most are funded through one-time, city-issued bonds.

Why do libraries improve their capital stock, and how might we expect it to affect community
and child outcomes? This question is central to this paper, and we aim to estimate these effects.
Discussions in the library policy community about the value of new and improved buildings
indicate beliefs about potential benefits. Many new buildings involve creating space that can
house both collections and events, consistent with the evolving missions of libraries. For example,
in a recent proposal, Westborough, Massachusetts, proposed to renovate their library to “continue
evolving as the clear ‘hub’ of the community”, adding spaces for meetings and an interactive

6 Westborough argued that their current building “prohibits [them] from

childrens’ section.
fulfilling the needs of [their] current and future users” and that constructing a new library would

attract more patrons and users. In this paper, we directly test for these possible impacts.

SCalculated from 1992-2018 IMLS data.
For more details, see the proejct summary here: https://www.westboroughlibrary.org/about/
building-project/
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https://www.westboroughlibrary.org/about/building-project/

II Data

IILA Library data

Our data on libraries come from the Public Library Survey (PLS), a census of public library systems
collected annually by the Institute for Museum and Library Services (IMLS) since 1988 (IMLS,
2020). The survey unit in the PLS is a library system, which can contain multiple library branches.
Survey response rates are extremely high. In 2017, 9,042 of 9,216 eligible public libraries responded
to the survey, a 98 percent response rate corresponding to over 17,000 library branches (IMLS,
2019). The PLS contains a rich set of information about library finances and usage. IMLS (2019)
provides a detailed overview and summary of the variables that they collect. Most information
about spending and usage is reported at the library system-level and is not available for individual
branches.

We are particularly interested in capital expenditures, so we use the PLS’s measure of capital
spending as our primary treatment variable. IMLS defines capital expenditures as spending
on major one-time projects that add to fixed assets, including purchasing land, building new
structures, and renovating existing structures. We also analyze operating expenditures, which
the PLS separates into several components, including spending on staff salaries, staff benefits,
and collections. We convert all dollar values to 2019 dollars using the all-items CPI accessed
from the Federal Reserve Economic Data system (Organization for Economic Co-operation and
Development, 2022).

In addition to financial library statistics, the PLS contains comprehensive information on
library usage and holdings. As measures of library usage and resources, we analyze the number
of children who attend library-based events, the total circulation of a library’s collections, the
circulation of children’s material, the number of visits, and the total stock of books and print serial
subscriptions (e.g., magazines and newspapers).” We also examine library spending on operations,

salaries, and book collections.

"There is no individual-level library usage information in these data. This means that we do not observe the
number of unique users of library services, for example. Instead, we observe the number of user-by-visit events.



II.B Test score data

We measure the effect of public library capital investment on test scores using a standardized
dataset of district-level test scores from version 4 of the Stanford Educational Data Archive (SEDA),
compiled by The Educational Opportunity Project at Stanford University (Reardon et al., 2020;
Fahle et al., 2021). The basis for these data is annual standardized tests that public school students
were required to take following the passage of the Federal No Child Left Behind Act in 2002. In
our main analyses, we use reading and math test scores from 2009 to 2018 for 3rd—-8th graders
in over 5,000 school districts across the United States. The SEDA panel reports test scores in
standard deviation units on a national scale. The team that compiled the SEDA data constructed
the mean and standard deviation of the test score measure for each grade, subject, and year using
a heterogeneous ordered probit model and restricted-access data from the U.S. Department of
Education (Fahle et al., 2021). We describe additional details of the construction of this dataset in
Appendix A.A.

In robustness exercises, we show results that augment SEDA with two additional test score
databases, allowing us to extend our panel before 2009 for some states and school districts. First,
we use the National Longitudinal School-Level State Assessment Score Database (NLSLSASD),
a predecessor to the SEDA panel from a different group of researchers that also collected test
score information from states. These data include standardized test score information before
2009, though their coverage is unbalanced across states and grades (McLaughlin et al. 2002). As
described in Appendix A.A, we transform binned proficiency percentiles from the NLSLSASD
into district-level means and standard deviations that are comparable to the SEDA panel using the
same methodology as SEDA researchers (Fahle et al., 2021). Second, we use test score data from
restricted versions of the National Assessment of Educational Progress (NAEP). These data are
available for a subset of school districts starting in 2000 for 4th and 8th graders (U.S Department
of Education, 2022). We follow Brunner et al. (2022) and construct district-year-grade-subject

aggregate scores from the NAEP data that are comparable to the test scores in SEDA.



[I.C Housing price data

We use house price indices from two sources: Zillow and the Federal Housing Finance Agency
(FHFA). Both datasets are available at the ve-digit zip code-level. Zillow constructs its house
price index by forecasting the sales price of all houses in its national database of more than 100
million properties (Zillow Group, 2020). Zillow calls these forecasts "Zestimates." Zillow then
calculates the index for a zip code as the value-weighted average Zestimate in the area, excluding
houses that undergo signi cant construction or renovatiénVe also show housing price e ects
using the FHFA index of house prices at the ve-digit zip code-level (Federal Housing Finance
Agency, 2019). The FHFA constructs this index using a repeat sales measure (Bogin, Doerner, and
Larson, 2019). While the Zillow and FHFA measures are constructed to measure two di erent
guantities: changes in the value of all homes (Zillow) vs. changes in the value of newly sold homes
(FHFA), we show in Section VI that the two indices are interchangeable in our context, and lead to

virtually identical results.

II.D Local covariates and characteristics

To understand other factors that might have been changing at the same time as library expansions,
we use data on time-varying local characteristics available at a school district-level. We use SEDA-
constructed variables for the proportion of adults in a school district with a bachelor's degree
or higher, the share that is SNAP eligible, the share unemployed, and the share of single-mother
households. These measures derive from the American Community Survey, and their construction
is discussed in Fahle et al. (2021) and Appendix A.A.

In addition, we incorporate time-varying school district covariates. We use demographic
information on the share of Black, Hispanic, Asian, and Native American students, as well as the
share of students who qualify for free or reduced-price lunch. We also compile information on
total school district spending, capital spending, salary spending, and spending on salaries related

to the instruction of students. We access this data through the Urban Institute's Education Data

8For more details about Zillow's methodology, sekttps://www.zillow.com/research/
zhvi-methodology-2019-deep-26226/
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Portal API, which compiles information from the Common Core of Data (Common Core of Data,

2022).

[I.LE Sample construction and summary statistics

We construct a consistent sample at the school district-level for all the analyses we present in this
paper. Because the survey unit of the library data is a library system and the unit of analysis in
our test score data is a grade within a school district, we match the two datasets together using a
exible distance approach. Our matching of libraries to school districts balances the precision
with which we can associate a given school district to a nearby library with our aim of including
as many library systems in the analysis as possible.

To achieve this goal, we locate all library systems within two miles of the modal zip code in a
school district. To the extent that multiple library systems are within a given 2-mile radius, we
aggregate all library-level variables to the school district-level. We choose the 2-mile radius as our
baseline to prioritize a tight match between library systems and schools. Given the small radius, it
is likely that every library system in our sample matched to a school district is geographically
relevant to residents of that school district. We show results where we exibly relax this matching
threshold to 1, 5, 10, 15, and 20 miles. In addition, we conduct a placebo analysis where we
match school districts to libraries within 30-50 miles. This is a placebo since it is unlikely that
improvements to these libraries would a ect test scores, given their distance.

To increase the precision of our match between libraries and school districts, we limit our
main analysis to districts that have at most ve library buildings (including branches) within two
miles of the modal zip code of the district. This avoids dense urban areas where the mapping
between a library improvement project and its e ects on local residences is likely to be attenuated.
This sample restriction a ects 2.8 percent of the sample of district-grade-year observations and
4.8 percent of the sample by district enroliment. We show results where we relax this sample
restriction in Section V. For housing prices, we follow a similar procedure. Our housing price data

is at the zip code-level, so we locate all zip codes within two miles of the modal school district zip
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code. We then take the average housing price values for those zip codes. After these steps, our
analysis sample is unigue at a grade-school district-year-level. It contains information on nearby
library systems and housing markets within two miles of the school district.

In Table 1, we show statistics describing the library systems within two miles of each school
district and student enrollment at the schools in that district. For example, the average district in
the sample has 13 percent Hispanic students, and the nearby adult unemployment rate is 7 percent.
The number of students enrolled in each district is much smaller than the number of people served
by the libraries within two miles of that school district for three reasons: (1) elementary and
middle school students make up only a small fraction of the population that could use a given
library; (2) library systems often serve a larger area than is covered by one school district; and
(3) our geographic rule for assigning libraries to school districts is broad: a school district may
have one library system two miles to its east and one library system two miles to its west. In
these cases, those two library systems likely serve many people who are not represented by the

geographic bounds of the school district.

Il Methodology and identi cation

[lI.LA  Event study framework

A standard approach for estimating dynamic treatment e ects is to use an event study regression
with unit and time xed e ects. In our context, the estimating equation to evaluate the e ects of
library capital investment shocks on place-level outcomes is:
o}
638 V411 0?8CO0;(>2%cq X3, . MseBC (1)
4= 7

where. g3pds an outcome for grade, in school district3, stateB and yeatC The indicator variable
11 0?8CO0;( >2%tracks the year surrounding a capital investment shock to the libraries near
district 3, andXs.3 andW.@re grade-district ( unit ) and state-year xed e ects respectively. The

coe cients of interest are the vectol,. Typically, researchers interprét; as the causal e ect of
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the treatment on the outcome of interedtperiods from the shock. However, this interpretation
can be incorrect if there are heterogeneous treatment e ects across cohorts or time. In particular,
since standard event studies use early-treated units as controls for later-treated units, treatment
e ect dynamics can introduce bia$.

For these reasons, we use a two-stage event study procedure developed independently by
Gardner (2021) and Borusyak, Jaravel, and Spiess (2021). In the rst stage, we estimate our xed

e ects (and later, other covariates) using a sample of never-treated and not-yet-treated school

districts:
. 63BC %6:3, VM.q &36BC (2)
In the second stage, we estimate:
. o
.63BC -63BC V41 0?8CO0;(>2%c4 Ds3ge (3)
4= 7

where. g3gc . s3s@re the residual outcomes calculated fait units in our sample generated
from the coe cients in Equation 2. In other words, in the rst stage we use the untreated and
not-yet-treated observations in our sample to calculate the relationship between the covariates
and our outcome of interest. In the second stage, Equation 3, we use the residual from the rst
stage and calculate the sample average of the outcome in event infes Gardner (2021) shows,
this two-step process avoids contaminating event study coe cients with estimates from treated
units in the sample population, avoiding standard issues with two-way xed e ects estimation.
Throughout, we calculate clustered standard errors at the school district-level. Given the two-
stage procedure, standard analytical clustered standard errors incorrectly ignore the uncertainty
of coe cients in the rst stage. To address this, we estimate bootstrapped standard effbrs.
Our preferred bootstrap procedure is a version of the Bayesian clustered bootstrap (Rubin, 1981).

Instead of drawing clusters with replacement, as in a standard bootstrap, we draw independent

9For a discussion of this bias and evidence of how this bias can change the magnitude and statistical signi cance
of estimated causal parameters in published research, see Baker, Larcker, and Wang (2022).

10Gardner (2021) shows how to produce corrected analytical standard errors, though they are computationally
infeasible to calculate given the size of our data.
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exponential weights for each cluster (school district) in our panel in each iteratioWe use those
weights in weighted regressions to produce the two-stage regression results for each bootstrap
iteration (Cheng, Yu, and Huang, 2013). This produces an empirical distribution of coe cients
across bootstrap iterations that we use to generate con dence intervals and standard errors for
each event study coe cient.

We rely on the standard di erence-in-di erence parallel trend assumption for identi cation:
treatment and control units would have followed parallel outcome trends after the capital invest-
ment if not for the existence of the treatment. In our setting, this implies that outcomes in school
districts that did and did not invest in library systems would have followed parallel outcome paths
in the absence of any treatment. This assumption is untestable, but we gauge its plausibility by
seeing: (1) whether outcome trends in the years leading up to the treatment year are parallel
across treatment and control units, (2) whether other observable characteristics between treatment
and control units were parallel before and after the treatment, and (3) whether our results are
sensitive to the inclusion of a battery of time-varying district and area covariates as controls. The
second and third analyses help evaluate the concern that other community characteristics that
could a ect outcomes may have changed at the same time as library investments. We nd that
our results are robust to all three tests, bolstering the plausibility of our estimates.

We also explore additional estimation methodologies. In Section V, we show that we estimate
similar treatment e ects using alternative methodologies, including two-way xed e ects models
that control with and without time-varying covariates. We also estimate models using Callaway
and Sant’Anna (2021) robust di erence-in-di erence approach, which allows for matching based
on pre-treatment covariates. We estimate similar e ects using the Callaway and Sant'‘Anna

approach, with or without this covariate matching.

UThis procedure is computationally faster than standard wild cluster bootstrapping, and allows us to maintain the
same set of estimated xed e ects across all speci cations. We use 1,000 iterations for all results that we show in the
paper.
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[1.B De ning capital spending events

Our baseline method described in the previous subsection uses a discrete treatment to generate
clearly de ned treatment events. This strategy helps us avoid interpretation issues that emerge
when one uses continuous treatment variables in a di erence-in-di erence framework (Callaway,
Goodman-Bacon, and Sant'’Anna, 2021).

In our baseline model, we de ne a capital spending shock as the rst year in the sample with at
least $200 per student of capital library spending. We calculate the number of students using SEDA
test score data at the school district-level. Because 3rd 8th graders make up about 10% of the U.S.
population, a $200 per student shock can be interpreted as a $2,000 or larger per person increase in
capital spending. As described above, we calculate capital spending after aggregating library data
to the district-level by locating all library systems within two miles of a school district's modal
school zip code.

We focus on library systems with capital investment shocks between 2010 and 2017, during
which we can measure test score data. We also require that in ¢eat, the library system has
less than $200 per person of capital spending to ensure that our capital spending shocks represent
sudden changes from prior levels. Using this shock de nition, 12% of all school districts in our
sample experienced a shock between 2010 2017. While our preferred methodology requires a
discrete treatment, we also present results with alternative shock sizes in Section V. These results
help trace out the intensive margin of the response to library spending.

If a district experiences multiple capital spending shocks, we use the earliest one to de ne
treatment timing and ignore subsequent shocks. The potential for multiple shocks a ects the
interpretation of our results, since the probability of observing a shock in a given year depends on
past shock observations. For example, a school district that experiences a large library construction
project in yearCis less likely than control units to see a new project started in y€ad. Our results,
therefore, come from employing what Cellini, Ferreira, and Rothstein (2010) call a reduced-form
method. This produces a policy-relevant parameter, since it re ects the expected outcome for

a real-world investment in library resources. We account for this treatment dependence in our
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cost-bene t analysis by tracing out the impacts of our observed events on the actual path of
capital investment (and other library spending) in subsequent years. We then compare this outlay

to our outcomes of interest?

IV Results

IV.A E ects of capital investment on library use and quality

Figure 1 shows the results of our baseline analysis for our main library outcomes. All gures show
the coe cients estimated from Equation 3 with bootstrapped 95 percent con dence intervals. We
present the logged outcomes gs5!G, 1° to account for zeroes$?

Panel A of Figure 1 shows how our discrete capital spending shock treatment correlates with
logged library capital spending in the time periods around a treatment event. In the year of the
rst large capital expenditure for a library system, there is a sharp increase in capital spending that
decreases to baseline levels after 3-4 years. Panels B and C show the e ects of capital spending
shocks on circulation of children's material and children's attendance at library events. We observe
a sharp and persistent 5 15% increase in child library use that lasts for seven years after the capital
investment. Interestingly, we also observe a suggestive drop in children's event attendance in the
year of the shock. This is consistent with a brief decline in library capacity in the year when a
library is under construction. Panel D shows the e ect of capital spending on log total visits to the
library. There is a small decline in visits during the year of capital investment followed by a sharp
and persistent 8-10% increase in visits after investment. Across all three library usage outcomes,
there are no pre-trends in the years leading up to the library capital spending event.

To summarize, Figure 1 shows that library capital spending has sharp, positive, and persistent

e ects on library use. In Figure 2, we show the e ect of capital spending shocks on additional

appendix Figure A26 shows that conditional on having any library construction event, 86 percent of our sample
only has one such event. In Section V, we show that our results are similar if we limit our sample to single-event
districts.

3n subsequent sections, we show that these results are robust to alternative transformations, including the inverse
hyperbolic sine and logged per capita values.
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library system-level outcomes. We see only delayed changes in the total number of books in the
library system after a capital shock, but approximately 2-5% increases in the number of employees,
payroll, and total operating expenditures after a capital spending event. These results suggest that
the collection size of libraries takes longer to adjust after a large capital investment, but that other
measures of library services quickly increase after investment, consistent with the increases in
library use illustrated in Figure 1. Figures A2 and A3 show those same gures but with a standard
two-way xed e ect regression framework, without applying any correction for contamination in
using early-treated units as controls for later-treated units. Here, we see similar sharp changes
around capital spending events. However, we also see evidence of pre-trends for some outcomes,
consistent with the strong e ect of capital spending shocks on outcomes creating contamination
bias due to early-treated units serving as controls for later-treated units.

Recent work by Chen and Roth (2023) shows that using log or inverse hyperbolic sign trans-
formations can produce di cult-to-interpret treatment e ects when some outcome observations
are zero-valued. In Figure A4, we show results for four library-level outcomes along the intensive
margin, removing observations from our panel with zero-valued outcomes and instead focusing
only on logged outcomes for observations with non-zero outcomes. We see similar e ects on
library resources and use to our baseline result, demonstrating that our main results on library
use are robust to transformation concerns.

As another robustness check to our main results, we show results using logged per user library
use (Figure A5) and library resources (Figure A6). To calculate these measures, we rely on each
library's reported service population in the PLS, which can vary over time. This analysis identi es
intensive margin e ects by taking into account each library system's potential expansion of its
service area in the years following the capital investment shock. We nd similar results in the per
capita and baseline speci cations. This implies that libraries are not attracting additional users
merely by expanding their service area. In Figures A7 and A8, we show very similar results if
we use an inverse hyperbolic sine transformation for our library outcome variables instead of a
;>6'G, 1° transformation. Finally, in Figure A9 we show that we also observe increases in two

sub-categories of library quality: the number of log subscriptions to print serial subscriptions that
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libraries hold and their annual log spending on collections.

IV.B E ects of capital investment on student test scores

Figure 3 shows results for reading test scores. As with the library outcome analysis, we de ne
capital shocks as a $200 or greater increase in per student library capital spending within two
miles of each school district. Our main outcome is district-grade-year measures of average reading
test scores normalized to be mean zero and standard deviation one at the subject-grade-year-level.
A one-unit increase in these test scores corresponds to a one standard deviation increase in test
scores. We observe no pre-trend in test scores in the years leading up to a capital library shock,
suggesting that districts are not positively selected on test score dynamics in the years preceding
major library investments. After capital investment shocks, we observe gradual increases in
reading test scores. On average, reading scores increase by approximately 0.01 standard deviations
in the short-run, with larger e ects (0.02 0.04 standard deviations) emerging in the later years of
the estimation window. The timing of these results corresponds to the increases in library use and
quality following capital expenditures, as observed in Figures 1 and 2.

A potential concern is that these results are biased by time-varying changes in local commu-
nities or school districts that (1) correlate with the timing of library investments and (2) a ect
test scores. We nd no evidence of pre-trends in our event studies, implying that test scores and
library usage in communities that invest in libraries are not changing di erentially in the years
leading up to library capital investment. However, if local policies or demographics that a ect test
scores change at the same time as library spending, our results could be a ected.

We address this concern in multiple steps. First, Panel B of Figure 3 shows results conditional
on an extensive battery of time-varying covariates, including local demographic shares, the share
of free and reduced-price lunch students, local school district revenue by source, and local school
outlays on capital spending, construction, salaries, and instructional services. We estimate nearly
identical event study coe cients conditional on these covariates, suggesting that our ndings are

not driven by time-varying di erences in districts that had nearby expansions in public libraries.
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As an additional check on our identifying assumptions, we vary the distance from school
districts to libraries that we used to calculate shock exposure. Our baseline estimate uses all
capital spending within two miles of a school district. Libraries are local institutions, and it would
be di cult for far-away libraries to a ect students' scores. Consistent with this intuition, our
results in Figure 4 (Panel A) show that capital spending shocks between 30 50 miles from a given
district do not a ect students' reading test scores. This is a placebo test that suggests that we
are not merely picking up a general trend towards higher test scores in broader regions that
choose to invest in libraries. Similarly, Panel B of Figure 4 shows that small capital investment
between 1 and 30 dollars per student has no e ects on reading test scores. Our nding that
public library investment causes an increase in reading test scores is con ned to local, large public
library investments. We con rm this point through additional robustness testing described in
Section V.

In summary, we nd that library capital investment increases measures of library use, library
guality, and nearby reading test scores in the seven years after library investment. We summarize
these results together in Table 2, which contains estimated post-period coe cients for 1, 3, 5, and
7 years after a library spending event for our main outcome. This table also contains an overall
pre-post coe cient, estimated by replacing our relative time indicators in Equation 3 with a single
dummy variable equal to one for treated units after their treatment date and otherwise equal to
zerol* This summary highlights the consistent pattern of results that we observe across library

spending, library use, and test score outcomes.

IV.C Reading results heterogeneity

To help understand our main test score results, we investigate whether library investment has

heterogeneous e ects across student or community characteristics.

14Ve also estimate this aggregate e ect using the Gardner (2021) method. These overall e ects are not the simple
average of our event study coe cients. Instead, the overall e ects are relative to the entire pre-period (noust),
and the calculation is weighted by sample sizes within relative time bins. For example, more weight is placed on
comparisons betwee@@ 2andC, 2than comparisons betwee@ 2andC, 6because we have more observations for
C, 2. Forthat reason, we focus most of our analysis on the event study coe cients, which let us observe treatment
e ect dynamics.
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First, we explore how reading e ects di er by race. In Figure 5, we show results from the
baseline reading event study estimated separately for the test scores of (A) white, (B) Black, (C)
Hispanic, and (D) Asian students. These results are less precisely estimated than our baseline
results; SEDA does not report test scores in districts when there is an insu cient number of
observations to construct their test score measures, and many districts have only a small number
of students of a given race, leading to more year-to-year variability in the test scores of small
groups. The results in Figure 5 suggest that our ndings are mainly driven by positive e ects on
the reading test scores of white and Asian students. However, the standard errors shown in these
gures are large enough that we cannot rule out sizable, positive e ects for all groups.

Unfortunately, the PLS library data does not measure library use by race, so we cannot compare
these results to similar measures of library usage. However, these results suggest that programs
aimed at boosting library engagement for speci c racial groups may be needed to realize the full
bene ts of library investment.'® In particular, residents in the south tend to live further away from
libraries than those in the north (Donnelly, 2015), and more e ort may be needed to encourage
library attendance in those circumstances. We also know that librarians are disproportionately
white (American Library Association, 2012), and that a history of discrimination in public libraries
(e.g., Wiegand and Wiegand, 2018) may still have long-term e ects. Future work on additional
dimensions of library access by race will be valuable.

Next, we estimate heterogeneous e ects by student economic status. Figure 6 shows results
estimated separately by students whom SEDA classi es as economically disadvantaged (Panel A)
and not economically disadvantaged (Panel B), respectively. Higher-income and more educated
families are more likely to use public libraries (Pew, 2015). However, the marginal value of library
materials and programming may be higher for families with fewer resources. On balance, it is
therefore unclear which group of students would bene t more from library investment. Figure
6 shows similar patterns of results in both groups of students. As with race, we do not observe

information on economic status directly in our data. Future work on library use and bene ts

5These results may be complicated by the higher concentration of white students in smaller school districts, where
we see larger e ects, as discussed below.
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by socioeconomic status would be valuable to understand how library investment di erentially
a ects educational outcomes.

We also investigate how e ect sizes di er by grade. Students across all age groups may bene t
from library services, though the types of books consumed and events attended vary by age. Figure
7 shows the baseline results estimated separately for student test scores reported in grades 3-4
(Panel A), 5-6 (Panel B), and 7-8 (Panel C). We observe similar results in all grades, though positive
e ects emerge more quickly for the youngest students (grades 3-4) in the years immediately
following library investment. Interpreting our results in the context of a dynamic education
production function, it is plausible that libraries have the most impact at earlier ages, when it
can be easier to a ect the trajectory of human capital development with targeted investments
(e.g., Heckman, 2007). However, more analysis is needed on this point, since the precision of our
heterogeneity estimates limits our ability to rule out alternative hypotheses.

Next, we explore heterogeneous e ects across district sizes. Students in smaller school districts
are likely to be more a ected by a given per capita library shock, since they are more likely to live
near only one library system. This implies that they are fully treated by any library spending
shock. By contrast, students in larger districts are more likely to live near multiple library branches.
For these students, when one nearby library improves, it does not necessarily improve the local
library they regularly visit. In addition, students in large districts may have more local educational
amenities, like parks and museums, nearby. In Figure 8, we show results separately after splitting
the sample into school district size terciles. Panel A of Figure 8 shows that our reading test score
e ects are largest in the smallest school districts, consistent with the increased salience of libraries
in those communities and less measurement error in our ability to link relevant library spending
to nearby school districts. Consistent with this heterogeneity, in Figure A18 we estimate our
baseline speci cation on the full sample of school districts but weight observations by the number
of test-takers in a given district-grade-year cell, and we observe attenuated e ects. This is because,
as shown in Figure 8, our results are driven by smaller school districts.

Finally, we estimate how our library results di er across levels of investmenshookapital

spending using Common Core data on annual district capital expenditures. Per student school
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capital spending has only a weakly positive correlation with school district ske (07132, so this
exercise is distinct from estimating heterogeneity by district size. In Figure 9, we show our baseline
reading test score results after splitting the sample into district capital spending terciles. We nd
that our results are driven by districts that have higher amounts of school capital spending. These
results suggest a possible complementary role of library investment in the education production

function.

V Robustness of test score results

In this subsection, we demonstrate the robustness of our test score results. First, we show additional
evidence that our ndings are unlikely to be driven by time-varying, district-level confounders
given a lack of observed dynamic selection in the timing of library investment. Second, we show
that our ndings follow predictable patterns when we vary the shock size and distance thresholds
that we use to construct our sample and de ne our treatment events. Third, we show that our
results are robust to alternative speci cations and to using additional datasets to extend the
length of our panel. Finally, we show that our results are robust to two alternative estimation
strategies: the standard two-way xed e ects ordinary least squares estimator and the Callaway

and Sant'‘Anna (2021) staggered treatment timing estimator.

V.A Dynamic selection

A potential concern is that our results could be biased by time-varying changes in local communities
or school districts that (1) correlate with the timing of library investments and (2) a ect test scores.
In Section 1V and Figure 3, we showed that our test score results were robust to controlling for
a battery of time-varying covariates. To explore this result further, we directly test whether
the timing of library capital investment is correlated with changes in local characteristics that
could a ect student test scores. We estimate identical versions of our baseline model with these
local characteristics instead of test scores as outcome variables. Figures A10-A13 illustrate that

point estimates are very small and statistically indistinguishable from zero for a wide variety
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of these local characteristics including the share of Black and Hispanic students, the share of
students eligible for reduced-price lunch, the share of adults with a bachelor's degree, and local
unemployment in years following a sudden increase in library capital spending, consistent with
regression results shown with and without controls in Figure 3. Lastly, Figure A13 shows that
local school district expenditures, including spending on capital projects and instructional sta , do
not change in the years after library investment. This provides evidence that the timing of library
capital investment is plausibly orthogonal to local changes that might have a ected reading test

Scores.

V.B Sample and treatment event construction

Our baseline speci cation matches libraries to school districts to libraries within two miles and
de nes treatment events as the rst time that a district experiences a per student library capital
expenditure of $200 or more. In this subsection, we show robustness to both of these choices and
demonstrate that our results follow intuitive patterns as we vary both the distance-match and
shock-size parameters.

First, we hold the $200 dollar threshold xed but vary the radius that we use to assign nearby
libraries to a given school district. Figure A14 shows versions of the analysis with 1-, 2- (our
baseline), 5-, 10-, 15-, and 20-mile matching distances. As we change the thresholds, the results
behave intuitively. We observe larger e ects at closer distance matches, though standard errors
are larger because we have fewer capital spending treatment events. As we increase the distance
radius, newly added library events are less salient to a given school district. Consistent with this
intuition, we see smaller but more precisely estimated e ects as we increase the shock size.

Second, we hold the sample construction distance xed and vary the size of the library capital
spending that de nes our treatment events. This allows us to explore the intensive margin of
the response. Our baseline estimates de ne a per student capital shock as $200 dollars or more
of nearby library capital spending. Figure A15 shows reading results for this baseline shock size

(Panel D) and alternative lower-bound thresholds of $50, $100, $150,..., $300 per student capital
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shocks in Panels A F respectively. For a given distance threshold, varying the treatment event
threshold produces intuitive results: Smaller (larger) shock thresholds lead to smaller (larger)
e ects on reading test scores.

Next, we show results with our baseline sample construction and events size where we exclude
school districts with multiple capital spending events within our sample period. As discussed
in Section Ill, multiple spending events can a ect the interpretation of our results because there
may be a dynamic change in the probability of future capital spending events as a function of
prior treatment status. Figure A16 shows our baseline reading test results (Panel A) and results
where we exclude multi-event districts (Panel B). We estimate very similar results in both cases.
This is unsurprising, given that only 16 percent of districts with any event have multiple events.
Finally, we show a similar exercise in Figure A17 where we relax our sample requirement that
school districts have no more than ve branches within two miles of their modal zip code. This
a ects only a small share of observations, and Figure A17 illustrates that this sample restriction

does not a ect our conclusions.

V.C Longer test score panel and heterogeneity across cohorts

In this subsection, we use additional datasets to extend the length of the test score panel for a
subset of districts. The SEDA data gives us a panel of school district-level reading test scores
from 2009-2018, but in Figure 3 we report event-time coe cients over a 14-year span. This means
that no school district exists in our panel with both t-7 and t+7 observations. While we observe
positive test score e ects within 1-2 years of library construction, we cannot estimate a long
pre-period for some of the units that generate the larger results that we see in the later portions of
the post-event window. In prior sections, we showed little evidence of dynamic selection by both
putting potential confounders on the left-hand side of our baseline speci cation and by controlling
for a wide range of covariates in our main regression. The lack of dynamic selection in observable
characteristics suggests that panel imbalance at the end of our sample period is unlikely to be

driving our results. In this subsection, we describe additional exercises that establish that panel
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imbalance is unlikely to cause identi cation or external validity concerns.

First, we extend the test score panel back to before 2009 using two datasets. We combine SEDA
test scores with restricted-access data from schools that are part of the National Assessment of
Educational Progress (NAEP) a widely used dataset that gives us 4th- and 8th-grade reading and
math test score data for additional districts between 2002 and 2007. We also gather and compile test
scores from the National Longitudinal School-Level State Assessment Score Database (NLSLSASD).
The NLSLSASD is a precursor to SEDA that attempted to collect standardized math and reading
test score information from schools and school districts in states that collected this data. In some
cases, the NLSLSASD allows us to observe test scores going as far back as the late 1990s. These
datasets are described in more detail in Section Il. While both sources are less comprehensive
than SEDA, they allow us to observe more pre-period observations for units treated earlier in
our sample window. For example, the number of observations we use to estimat€the7
pre-period coe cient in our baseline model increases by 45 percent when we use both datasets.

Figure A19 shows the results of our baseline analysis when we incorporate these additional
datasets. Panel A shows the results after we add NAEP test scores; Panel B shows results where
we incorporate both the NAEP and the NLSLSASD. Our results are essentially unchanged when
we include both of these new sources of data: we observe at pre-trends in the years leading up to
a library capital spending event and similar post-period e ects.

Second, we estimate our baseline model on our 2009-2018 sample after partitioning treated
units into two groups based on treatment timing. Figure A20 shows our baseline result estimated
for the full sample (black line), units that had a capital spending event before 2014 (short-dotted
grey line), and units treated after 2014 (long-dotted grey line). Splitting the sample in this manner
increases con dence intervals, but we cannot reject equal estimates across these cohort groups.
We see at pre-trends for both the early- and later-treated groups, and we observe a similar pattern
of treatment e ect coe cients in the four years after treatment for coe cients where we see

estimates from both sets of cohort timing groups.
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V.D Additional speci cations, measures, and estimation approaches

In this subsection, we show robustness to our results to additional Gardner (2021) speci cation
choices and test score measures. We then show that our results are robust to two alternative
estimators in addition to the Gardner (2021) approach.

First, Figure A21 shows reading test score results without conditioning on state-year xed
e ects. Panel A shows our baseline model with no state-year covariates while Panel B shows a
version that conditions on the set of continuous, time-varying covariates described in Sections Il
and Ill. Both panels show similar increases in reading test scores as the main test score results
shown in Figure 3.

We next show results for math test scores as an outcome variable using models with and
without state-year xed e ects in Figure A22. It is unclear whether to expect increases in math
test scores after a library capital construction event. On the one hand, most libraries hold wide-
ranging tutoring services for youth that cut across disciplines and hold an extensive range of
STEM-focused books and materials. On the other hand, libraries focus on reading, and it is most
plausible that we would observe the largest impact on test scores in that subject. Figure A22 shows
results consistent with that hypothesis: we see less consistently estimated positive impacts on
math than reading scores. There is some evidence of a positive increase in math scores in models
that condition on state-year xed e ects, but point estimates are, on average, smaller than the
comparable reading test score e ects and are less precisely estimated. When not conditioning on
state-year xed e ects (Panel A), we see no evidence of an increase in test scores, by contrast to
the positive results on reading scores estimated in Figure A21 with or without conditioning on
state-year xed e ects.

Next, we estimate our baseline reading results using a two-way xed e ect event estimator
equivalent to Equation 1 in Section Ill. As discussed in Section lll, the standard two-way xed
e ects estimator may produce biased estimates of the underlying causal e ect depending on the
nature of treatment e ect dynamics. Figure A23 (Panel A) shows a baseline version of a standard

event study controlling for district-grade and state-year xed e ects. We see results consistent
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with our main speci cations public library capital investment leads to a 0.02 standard deviation
increase in reading test scores 4 7 years after the investment. In Panel B of Figure A23, we show
results from the same methodology but add the time-varying, district-level covariates that we
include in our baseline Gardner (2021) analysis. As in the Gardner analysis, the inclusion of these
covariates does not change our results.

Lastly, in Figure A24 we show reading results using the Callaway and Sant’/Anna method (2021,
CS) to calculate treatment e ects. CS provide an alternative estimation procedure that, similar to
Gardner (2021), avoids issues with comparing later to early-treated units in staggered di erence-
in-di erence settings. Unlike Gardner, the CS method does not easily extend to controlling for
time-varying xed e ects and other covariates. However, it can be extended to incorporate pre-
treatment covariates to create propensity-score-based matches between treatment and control
units. This adjustment is needed if one believes that the parallel trend assumption only holds
conditional on covariates. In Panel A and B, we show the CS estimation results respectively
without and with this covariate adjustment. In both cases, we observe results that are similar
to our baseline Gardner results and the two-way xed e ect results described in the previous

paragraph.

VI Housing prices

We next measure the e ect of public library investment on local housing prices. Housing prices
represent homebuyers' willingness to pay for local amenities. We estimate how the value of
homes changes in each zip code within two miles of a school district that experienced a capital
spending shock. In recent empirical work, researchers examine the relationship between public
school investment, resulting increases in children's test scores, and changes in local housing prices
(e.g., Cellini, Ferreira, and Rothstein, 2010; Nielson and Zimmerman, 2014; Conlin and Thompson,
2017; and Bayer, Blair, and Whaley, 2020). These papers discuss and cite an underlying theoretical
literature on hedonic regressions and the value of local amenities. If housing prices increase after

local school spending increases, homebuyers reveal a preference for an equilibrium increase in
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school spending: They are willing to pay more for these amenities than the cost they incur as
taxpayers-®

To identify homebuyers' willingness to pay for local library investment, we use our baseline
two-stage Gardner (2021) event study method and our sample of school districts linked to nearby
libraries. We calculate two measures of nearby housing prices: Zillow's zip code-level indices (in
log dollars) and the FHFA's repeat-price zip code sales index. For each school district, we nd all
zip codes within two miles of the modal school zip code and calculate the average of each measure
of price within those zip codes. We then estimate equations 2 and 3 for each outcome, testing
whether housing prices change in the years after library investment.

Figure 10 (Panel A) shows that capital spending shocks have no measurable e ect on house
prices using Zillow's logged house price index as the outcome. Using 95 percent con dence
intervals, we can reject e ects larger than a 0.3% decrease or a 1% increase in the year following
the capital spending shock. Looking at the dynamic estimates, we can also reject a one percentage
point increase or decrease in housing prices up to four years after the shock. There is no apparent
pre-trend in housing prices in the years leading up to the capital spending event. Table 2 shows
similar results from a pre-/post- di erence-in-di erence approach, nding null e ects with similar
precision if we compare the average post-investment house price index value to the pre-investment
average. Panel B of Figure 10 and Table 2 show similar null e ects for the FHFA measure of
housing prices.

The capital spending shocks that we investigate are small enough that any plausible negative
e ect on housing prices due to increased local taxes cannot be rejected by our results. However,
if library spending is valued at more than its taxpayer cost, we might expect to see housing
prices rise. For example, Nielson and Zimmerman (2014) nd that a school construction program
that increased reading test scores by 0.15 standard deviations raised nearby housing prices by 10

percent. Using our 0.02 standard deviation reading test score estimate from ve years after a capital

6The intuition behind this logic is that (1) local taxes are capitalized into housing prices if a local community
charges a $1,000 tax for each home-owner and does nothing with the money (disposes of it), then housing prices
should decrease in proportion to the net present cost of the tax; and (2) if local amenities improve, then the increased
willingness to pay for those amenities will be re ected in equilibrium housing prices.
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spending shock, a similar level of under-provision would predict a (0.02/0.15)*10% or 1.3 percent
increase in local housing prices. Taking these point estimates at face value, our results provide
suggestive evidence that households internalize the bene ts of the library capital investments and
that library spending is not undervalued at a similarly high level as Neilson and Zimmermann
found for schools: We can generally rule out a comparable increase in housing prices based on the
precision of our housing price results. That said, our con dence intervals are wide enough that
we cannot rule out smaller increases in housing prices that might be predicted if households value
library investment at more than their cost but less than the under-provision implied by Neilson
and Zimmermann's work on schools.

Moreover, we view the lack of pre- and post-trends in housing prices as key evidence that
aggregate neighborhood characteristics are not changing in the years surrounding major library
spending events, even as children's reading test scores and library usage increase. This nding
complements our dynamic selection analysis of Section V, where we show balance in local
covariates before and after a library capital spending event. Housing prices take into account any
characteristic that could plausibly a ect local willingness to pay to live in a community, including
characteristics that are di cult to measure. Consistent with our nding that other community
characteristics are not changing before or after library investment, we observe no signi cant

change in housing prices before and after a library spending event.

VIl Comparisons to public school capital investment

In our baseline analysis, we de ne a capital spending treatment event as the rst year that a
school district has a $200 per student (or greater) local public library spending event (subject to not
having more than $200 per student in capital spending in the prior year). To convert this number
into something that is amenable to cost-bene t analyses, we make a number of adjustments. First,
the average size of capital investments that meet this threshold or are above it is $810 per student
in year zero. Second, as shown in Figure 1, our de nition of a capital spending event identi es the

rst year of on-average ve years of elevated capital spending. Adding these years of elevated
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spending to the cost of our event, our capital spending implies that our capital spending shocks
are equivalent to $2,028 per student in capital spending over ve years.

Focusing on our overall pre-post e ect, a $2,028 per student one-time library capital spending

shock increases test scores by 0.01 standard deviations. In a recent meta-analysis, Jackson and

Mackevicius (2023) nd that a one-time $1,000,000 renovation project a ecting a school with 600

students equivalent to a¥%%%% = g1.6670ne-time capital expenditure per a ected student

causes a 0.00225 standard deviation increase in average test scores across the papers that they

review. Comparing our results to that paper, we nd that our library capital spending shocks
generate average test score increases that are roughly ve times as large as the results from
Jackson and Mackevicius at a@%’o = 20%nhigher initial capital cost.

This does not provide evidence that library capital projects have higher bene t-cost ratios,
and we caution against this direct comparison for several reasons. First, school capital spending is
orders of magnitude more costly than library spending, and both are likely subject to diminishing
marginal returns. Jackson and Mackevicius (2023) report that the typical construction of a new
elementary school costs $44,000 per student. Itis di cult to know if school capital spending e ects
scale linearly in investment amounts if the rst dollars of school spending have larger e ects,
our comparison will overstate the relative bene t of libraries. Second, while we focus on capital
spending to de ne our events, Figure 2 shows that operations spending at libraries increases by
2-7 percent in the years after a capital spending investment. In their meta-analysis, Jackson and
Mackevicius nd point estimates for the marginal e ect of per dollar school operations spending
that are larger than the e ects of capital spending. An implicit assumption in our comparison
is that school and library capital spending leads to similar proportional increases in operating
spending in the years following the capital spending. Although, given the small dollar increases
in library operating spending in the years following the capital spending shock, we expect this
mechanism to be relatively unimportant, adding only marginally to the per student cost of our
typical library spending shock.

Next, the 95% con dence interval around our estimate contains test score e ects that are

both signi cantly larger and smaller than the meta-analyzed overall e ect from Jackson and
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Mackevicius (2023). This is a natural result of our paper being the rstto observe a causal e ect
of public library investment on children's test scores; we cannot improve precision by pooling our
estimate with other independent causal estimates. More work on the e ects of public libraries
would help to pin down these e ects.

Finally, our grade 3 8 test score e ects likely underestimate the importance of libraries: a
single library expansion could a ect others in surrounding areas, students in grades K 2 and
9 12, achievement in subjects where test scores are not measured in grades 3 8 (e.g., science),
and adults and non-school-aged children (e.g., pre-K prograrhs).

For these reasons, we do not think that our dollar-to-dollar cost/bene t comparisons of library
and school capital investments can be directly used to determine optimal policy. In addition, the
heterogeneity in Figure 9 shows that the marginal e ects of library spending are increasing as
a function of local school capital spending, suggesting a complementary relationship between
the two types of spending. But our results do suggest that under reasonable assumptions: (1)
library capital spending, like school capital spending, can have positive e ects on local test scores,
and (2) smaller-scale public investments in local amenities like libraries can positively a ect

children's academic performance.

VIII  Conclusion

A growing literature suggests that neighborhoods can have long-lasting and important e ects
on child development. However, knowing that neighborhoods matter is not enough: for place-
based policies to be e ective, we need to know which characteristics of local communities cause
changes in childhood experiences and which are simply correlated with desirable community
characteristics. In this paper, we study the causal e ects of investments in one of the most
commonly used and lauded functions of local governments: the public library.

Every year, library administrators in local communities petition voters to approve additional

17School construction also may have broader public impacts beyond direct e ects on children, since school facilities
are often used by other members of the community. We do not attempt to compare the possible spillover e ects
across libraries and school districts.
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funds to expand and improve local public libraries. To date, little is known about the impact of
these investments. We use an event study methodology to show that library capital spending has
at least two e ects. First, capital library investments cause patrons to use the library more. More
residents visit the library, the stock of library materials increases, and more children attend library
events. Second, library capital investments cause students to perform better on standardized tests.
In particular, we observe persistent improvement in reading test scores in the seven years after
library capital spending. These improvements in reading test scores coincide with increases in
library use and are not driven by changing demographics in local communities.

We study public library capital spending in the post-smartphone era, so our results highlight
the importance of public libraries to children, even in a world with widespread access to the
internet and other new technologies that compete for children's attention. We hope more work will
investigate the many other ways that public libraries can a ect local communities and investigate

how these e ects di er for children of di erent races and socioeconomic characteristics.
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Figure 1: Impact of capital expenditure shock on library use

(A) Log capital spending (B) Log children's circulation

(C) Log children event attendance (D) Log visits

Event study estimates generated using the Gardner estimation procedure described in Section Ill. Outcomes are aggregated to the school district-
level. The outcome variables are (A) Log capital spending, (B) log children's circulation, (D) log children's event attendance, and (D) log visits. All
gures show bootstrapped 95 percent con dence intervals that account for within-school district clustering. Results are conditional on state-year
and district-grade xed e ects.
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Figure 2: Impact of capital expenditure shock on library resources

(A) Log book stock (B) Log number employees

(C) Log salary spending (D) Log operating spending

Event study estimates generated using the Gardner estimation procedure described in Section Ill. Outcomes are aggregated to the school district-
level. The outcome variables are (A) log books, (B) log number employees, (C) log expenditures on salaries, and (D) log operating expenditures. All
gures show bootstrapped 95 percent con dence intervals that account for within-school district clustering. Results are conditional on state-year
and district-grade xed e ects.
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Figure 3: Impact of library capital spending shocks on reading test scores

(a) Reading test scores

(b) Reading test scores, conditional on time-varying local covariates

Event study estimates generated using the Gardner estimation procedure described in Section Ill. Outcomes are measured at the grade-school
district-level. All gures show bootstrapped 95 percent con dence intervals, calculated by drawing bootstrap samples that account for clustering
within school districts. All results are conditional on state-year and district-grade xed e ects. The results in Panel B are additionally conditional
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on a set of time-varying, district-level covariates described in Section IlI.



Figure 4: Impact of library capital spending shocks on reading test scores, distance and shock size
placebo tests

(a) Capital shocks 30-50 miles away

(b) Small capital shocks

Event study estimates generated using the Gardner estimation procedure described in Section Ill. All gures show bootstrapped 95 percent
con dence intervals, calculated by drawing bootstrap samples that account for clustering within school districts. Regressions include state-year
and district-grade xed e ects. Small capital shocks are de ned as spending events between 1 and 30 dollars per student. 40



Figure 5: Heterogeneous reading test score e ects by student race and ethnicity

(A)White students (B) Black students

(C) Hispanic students (D) Asian students

Event study estimates generated using the Gardner estimation procedure described in Section Ill. E ects are estimated separately for each indicated
subgroup. All gures show bootstrapped 95 percent con dence intervals, calculated by drawing bootstrap samples that account for clustering
within school districts. Regressions include state-year and district-grade xed e ects.
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Figure 6: Heterogeneous reading test score e ects by student economic status

(a) Economically disadvantaged

(b) Not economically disadvantaged

Event study estimates generated using the Gardner estimation procedure described in Section Ill. E ects are estimated separately for each
indicated subgroup. All gures show bootstrapped 95 percent con dence intervals, calculated by drawing bootstrap samples that account for
clustering within school districts. Regressions include state-year and district-grade xed e ects.
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Figure 7: Heterogeneous reading test score e ects by student grades

(a) Grades 3-4

(b) Grades 5-6

(c) Grades 7-8

Event study estimates generated using the Gardner estimation procedure described in Section IIl. E ects are estimated separately for each 43
indicated subgroup. All gures show bootstrapped 95 percent con dence intervals, calculated by drawing bootstrap samples that account for
clustering within school districts. Regressions include state-year and district-grade xed e ects.



Figure 8: Heterogeneous reading test score e ects by school district size

(a) Smallest size tercile

(b) Middle size tercile

(c) Largest size tercile

Event study estimates generated using the Gardner estimation procedure described in Section IIl. E ects are estimated separately for each 44
indicated subgroup. All gures show bootstrapped 95 percent con dence intervals, calculated by drawing bootstrap samples that account for
clustering within school districts. Regressions include state-year and district-grade xed e ects.



Figure 9: Heterogeneous reading test score e ects by school district capital spending

(a) Smallest spending tercile

(b) Middle spending tercile

(c) Largest spending tercile

Event study estimates generated using the Gardner estimation procedure described in Section IIl. E ects are estimated separately for each 45
indicated subgroup. All gures show bootstrapped 95 percent con dence intervals, calculated by drawing bootstrap samples that account for
clustering within school districts. Regressions include state-year and district-grade xed e ects.



Figure 10: Impact of library capital spending on local housing prices

(@) Zillow house price index (log dollars)

(b) FHFA housing index (percentage points)

Event study estimates generated using the Gardner estimation procedure described in Section Ill. Outcomes are logged housing price data from
Zillow (Panel A) and the FHFA housing index in percentage points (Panel B) after aggregating to the school district-level using a 2 mile distance
threshold. Bootstrapped standard errors are clustered by school district.
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Table 1: Summary statistics: school district-by-year panel

Obs. Mean 10th% Median 90th % Std. Dev.
Per student library capital spending ($s) 51%78900 4360 000 000 3670 42182
Child materials circulation (thousands) 27913700 5935 263 2066 15376 11153
Child event attendees (thousands) 27919100 383 030 268 1472 971
Visits (thousands) 27423700 1115 785 5084 27%5 1640
Books (thousands) 28¥08400 6471 1330 3815 1479 7638
Employees 28¥%5700 1120 713 B31 2753 1687
Salary spending (thousands) 213300 56113 7286 2480 *39689 87383
Operating spending (thousands) 28006400 85642 5358 306l1 217435 254942
Library systems 51%78900 062 000 100 100 069
Branches 51%78900 015 000 000 000 057
Reading test scores 51778900 003 043 004 049 037
Math test scores 48847000 004 047 004 055 041
Reading test-takers 51%78900 335 3200 1230 68200 200968
Math test-takers 48868300 32235 3200 12200 66100 200940
Share Native American students 5159500 002 000 000 003 010
Share Asian students 5159500 002 000 001 005 005
Share Hispanic students 51%59300 013 000 005 042 020
Share Black students 51759500 008 000 002 024 017
Share free lunch elig. students 51759500 040 013 038 069 021
Share reduced lunch elig. students 5159500 008 003 008 013 005
Share econ. disadvantaged students 51304000 049 018 049 079 023
Share BA+ adults 51432700 023 011 019 041 013
Share single mom adults 51432700 015 009 014 023 006
Share SNAP-eligible adults 51432700 011 003 010 019 006
Share unemployed adults 51432700 007 004 007 011 003
Federal revenue (per student, $1,000s) 51643200 09144 40811 89%4 32788 204351
State revenue (per student, $1,000s) 51643200 619813 314341 586338 326004 295823
Local revenue (per student, $1,000s) 51643200 627883 218982 4894671236064 500719
Total expenses (per student, $1,000s) 51642300 1346877 902417 1203226192288 551671
Capital expenses (per student, $1,000s) 51642600 *16129 10%/2 50460 2360877 334711
Capital construction expenses (per student, $1,0064)641700 84%2 000 19477 210242 2322731
Salary expenses (per student, $1,000s) 51635500 654441 467752 600920 928875 2317658
Instructional salary expenses (per student, $1,00051635300 446357 317304 408364 636896 52088

Notes: This table shows summary statistics describing our school district-year panel described in Section II. All summary statistics are at the
school district-by-year-level for school districts with fewer than 20 library buildings within two miles of the main zip code of the school district.

Data cover the years 2009 2018 because those are the years for which we have test score data. Data come from (1) the IMLS's PLS census of
almost all libraries in the United States; (2) the SEDA test score dataset (see Fahle et al., 2021 for more details); and (3) the Common Core of Data a

database produced by NCES describing school-level and district-level nancing information. Test-taker counts, student demographics, and the

number of students on a free or reduced price lunch program come from the SEDA data.
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Table 2: Coe cient estimates for post-treatment period, by outcome and relative year

Relative time  Cap. spending  Children circ.  Children event attend Visits Reading scores FHFA Housing  Zillow Housing

1 3.170 0.037 0.022 -0.003 0.007 0.003 0.003
[2.776,3.537] [0.006, 0.066] [-0.019, 0.063] [-0.029,0.022] [-0.001,0.015]  [-0.003,0.011]  [-0.003, 0.009]

3 0.653 0.056 0.098 0.070 0.007 -0.006 0.000
[0.166,1.120] [0.019, 0.095] [0.040, 0.157] [0.038,0.103] [-0.005, 0.021] [-0.017, 0.005] [-0.010, 0.009]

5 -0.089 0.090 0.072 0.068 0.018 0.000 -0.001
[0.657,0.488] [0.039, 0.139] [0.005, 0.145] [0.023,0.116] [0.001, 0.035] [-0.014, 0.016] [-0.014,0.012]

7 0.343 0.166 0.122 0.121 0.039 -0.015 -0.004
[0.625,1.310] [0.085, 0.248] [0.010, 0.244] [0.035,0.197] [0.007,0.076] [-0.038, 0.009] [-0.027,0.017]

Pre-/Post- 2.511 0.052 0.046 0.032 0.010 -0.000 0.001
[2.188,2.803] [0.024,0.078] [0.006, 0.084] [0.007,0.057] [0.002, 0.020] [-0.007, 0.007] [-0.006, 0.008]

Notes: This table shows point estimates from the event studies measuring the e ect of capital spending shocks on the outcome named in the
column heading. Under each point estimate is a bootstrapped 95% con dence interval that takes into account clustering within school districts.
The rst four rows of point estimates indicate the causal e ects 1, 3, 5, and 7 years after the capital spending shock. The last row of point estimates
indicates the e ect of the capital spending shock in the post-treatment periods for treated school districts relative to pre-period observations for

treated school districts. Point estimates rely on the method of Gardner (2021).
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Online Appendix: The Returns to Public Library Investment

Gregory Gilpin Ezra Karger Peter Nencka

A Data Appendix

This appendix contains additional information on the datasets that we use in this project.

A.A Stanford Educational Data Archive

We use version 4.00 of the Stanford Educational Data Archive (SEDA) to track test scores for youth
across time, as well as the characteristics of nearby local communities.

SEDA re ects an e ort to standardize data reported by the states about the 3-8th graders and
their performance on mandated language arts and math exams. In particular, Federal law requires
these annual tests, but does not prescribe the exact form that they must take. States choose the
format of their test and report the results as the number of students in each school who score
above performance-based thresholds. The number of thresholds can vary by states and ranges
from 2 to 5 cuto s in our sample.

The sta that constructed SEDA have access to restricted data with full information of the
number of students who scored above each threshold and their characteristics from 2008-2018.
This is an improvement relative to publicly released data onf&Rtsvhich suppresses information
for small schools and student subgroups. SEDA sta clean these test scores and then estimate
Heteroskedastic Ordered Probits to estimate the state-grade-subject speci c test score cuto s.
They then standardize these cuto s by linking them to information from the Nation's Report Card
(NAEP). Since the NAEP is a common test across states, this process creates test scores that can
be compared across states. More information on the construction of the test score data is given
in Fahle et al (2021). SEDA standardizes test scores at the district-grade-subject-level; we do not
observe individual-level school information in the SEDA data.

In addition to test scores, SEDA provides estimates of socio-demographic and economic

characteristics of school districts drawn from the American Community Survey (ACS). We use
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these ACS covariates in some of our analysis and robustness checks. The construction of these
covariates and how they are mapped to school districts is described in greater detail in Fahle et al

(2021).
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Figure Al: Distribution of library shocks in the school district sample

This gure shows the distribution of capital shock years in the school district sample for the sub-sample of districts with observed shocks.
Approximately 7 percent of all districts have a shock between 2010 and 2017.
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Figure A2: Impact of capital expenditure shock on library use, TWFE

(A) Log capital spending (B) Log children's circulation

(C) Log children event attendance (D) Log visits

Event study estimates generated using the estimation procedure described in Section Il with a standard two-way xed e ect approach instead of
the Gardner approach used in our main gures. Outcomes are aggregated to the school district-level. The outcome variables are (A) Log capital
spending, (B) log children's circulation, (D) log children's event attendance, and (D) log visits. All gures show 95 percent con dence intervals that
account for within-school district clustering. Results are conditional on state-year xed e ects.
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Figure A3: Impact of capital expenditure shock on library resources, TWFE

(A) Log book stock (B) Log number employees

(C) Log salary spending (D) Log operating spending

Event study estimates generated using the estimation procedure described in Section Il with a standard two-way xed e ect approach instead of
the Gardner approach used in our main gures. Outcomes are aggregated to the school district-level. The outcome variables are (A) log books, (B)
log number employees, (C) log expenditures on salaries, and (D) log operating expenditures. All gures show 95 percent con dence intervals that
account for within-school district clustering. Results are conditional on state-year xed e ects.
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Figure A4: Impact of capital expenditure shock on library resources, intensive margin

(A) Log children event attendance (B) Log visits

(C) Log operating spending (D) Log children's circulation

Event study estimates generated using the Gardner estimation procedure described in Section Ill. Outcomes are aggregated to the school district-
level. The outcome variables are (A) log books, (B) log number employees, (C) log expenditures on salaries, and (D) log operating expenditures. All
gures show bootstrapped 95 percent con dence intervals that account for within-school district clustering. Results are conditional on state-year
and district-grade xed e ects. Panel excludes observations where the outcome is zero (in levels).
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Figure A5: Impact of capital expenditure shock on per user library use

(A) Log capital spending (B) Log children's circulation

(C) Log children event attendance (D) Log visits

Event study estimates generated using the Gardner estimation procedure described in Section Ill. The outcome variables are (A) Log capital
spending, (B) Log children's circulation, (D) log children's event attendance, and (D) log visits. All outcome variables are expressed as logged
per-10,000-user gures. All gures show bootstrapped 95 percent con dence intervals that account for within-school district clustering. Regressions
include state-year and district-grade xed e ects.

55



Figure A6: Impact of capital expenditure shock on per user library resources

(A) Log book stock (B) Log number employees

(C) Log salary spending (D) Log operating spending

Event study estimates generated using the Gardner estimation procedure described in Section Ill. The outcome variables are (A) Log books, (B)
Log number employees, (C) log expenditures on salaries, and (D) log operating expenditures. All outcome variables are expressed as logged
per-10,000-user gures. All gures show bootstrapped 95 percent con dence intervals that account for within-school district clustering. Regressions
include state-year and district-grade xed e ects.
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Figure A7: Impact of capital expenditure shock on library use, inverse hyperbolic sine transformed
outcomes

(A) IHS capital spending (B) IHS children's circulation

(C) IHS children event attendance (D) IHS visits

Event study estimates generated using the Gardner estimation procedure described in Section Ill. All outcome variables are transformed using
the inverse hyberbolic sine method. The outcome variables are (A) IHS capital spending, (B) IHS children's circulation, (D) IHS children's event
attendance, and (D) IHS visits. All gures show bootstrapped 95 percent con dence intervals that account for within-school district clustering.

Regressions include state-year and district-grade xed e ects.
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Figure A8: Impact of capital expenditure shock on library resources, inverse hyperbolic sine
transformed outcomes

(A) IHS book stock (B) IHS number employees

(C) IHS salary spending (D) IHS operating spending

Event study estimates generated using the Gardner estimation procedure described in Section Ill. All outcome variables are transformed using
the inverse hyberbolic sine method. The outcome variables are (A) IHS books, (B) IHS number employees, (C) IHS expenditures on salaries, and
(D) IHS operating expenditures. All gures show bootstrapped 95 percent con dence intervals that account for within-school district clustering.

Regressions include state-year and district-grade xed e ects.
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Figure A9: Impact of capital expenditure shock on library resources, alternative quality variables

(@) Log library media subscriptions

(b) Log spending on collections

Event study estimates generated using the Gardner estimation procedure described in Section Ill. The outcome variables are (A) Log media
subscriptions and (B) Log expenditures on collections. All gures show bootstrapped 95 percent con dence intervals that account for
within-school district clustering. Regressions include state-year and district-grade xed e ects.
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Figure A10: Dynamic correlation between capital expenditure shocks and school district charac-
teristics

(A) Share Black students (B) Share Hispanic students

(C) Share Asian students (D) Share Native American students

Event study estimates generated using the Gardner estimation procedure described in Section Ill. The outcome variables are (A) Share Black
students, (B) Share Hispanic students, (C) Share Asian students, and (D) Share Native American students. All gures show bootstrapped 95 percent
con dence intervals that account for within-school district clustering. Regressions include state-year and district-grade xed e ects.
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Figure A11: Dynamic correlation between capital expenditure shocks and additional school district
characteristics

(a) Share of students who qualify for free lunch

(b) Share of students who qualify for reduced price lunch

(c) Share of disadvantaged students

61

Event study estimates generated using the Gardner estimation procedure described in Section Ill. All gures show bootstrapped 95 percent
con dence intervals that account for within-school district clustering. Regressions include state-year and district-grade xed e ects.



Figure A12: Dynamic correlation between capital expenditure shocks and community characteris-
tics

(A) Share unemployed (B) Share SNAP eligible

(C) Share BA-plus adults (D) Share single mother

Event study estimates generated using the Gardner estimation procedure described in Section IIl. All gures show bootstrapped 95 percent
con dence intervals that account for within-school district clustering. Regressions include state-year and district-grade xed e ects.
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Figure A13: Dynamic correlation between capital expenditure shocks and school district nances

(A) Log total spending (B) Log capital spending

(C) Log salary spending (D) Log instructional salary spending

Event study estimates generated using the Gardner estimation procedure described in Section Ill. The outcome variables are (A) Log total school
spending, (B) Log capital school spending, (C) Log salary school spending, and (D) Log instructional salary school spending. All gures show
bootstrapped 95 percent con dence intervals that account for within-school district clustering. Regressions include state-year and district-grade
xed e ects.
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Figure A14: Impact of library capital spending shocks on reading test scores, alternative distance
thresholds

(@) 1 mile (b) 2 miles
(c) 5 miles (d) 10 miles
(e) 15 miles (f) 20 miles

Event study estimates generated using the Gardner estimation procedure described in Section Ill. All gures show bootstrapped 95 percent
con dence intervals that account for within-school district clustering. Regressions include state-year and district-grade xed e ects. Each gure
shows results letting the capital spending events occurs within the indicated distance of a school district.
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Figure A15: Impact of library capital spending shocks on reading test scores, alternative capital
spending event thresholds

(a) $50 per student (b) $100 per student
(c) $150 per student (d) $200 per student (baseline)
(e) $250 per student (f) $300 per student

Event study estimates generated using the Gardner estimation procedure described in Section Ill. All gures show bootstrapped 95 percent
con dence intervals that account for within-school district clustering. Regressions include state-year and district-grade xed e ects. Each gure
shows results letting capital spending events be de ned by the indicated per student dollar threshold.
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Figure A16: Impact of library capital spending shocks on reading test scores, excluding districts
with multiple library construction shocks

(a) Baseline

(b) Exclude multi-shock school districts

Event study estimates generated using the Gardner estimation procedure described in Section Ill. All gures show bootstrapped 95 percent
con dence intervals that account for within-school district clustering. Regressions include state-year and district-grade xed e ects. Panel A
shows our baseline results. Panel B shows results that exclude school districts that had more than one capital spending event during our sample 66

period.



Figure A17: Impact of library capital spending shocks on reading test scores, including all school
districts

(a) Baseline

(b) Include many-branch districts

Event study estimates generated using the Gardner estimation procedure described in Section Ill. All gures show bootstrapped 95 percent
con dence intervals that account for within-school district clustering. Regressions include state-year and district-grade xed e ects. Panel A
shows our baseline results. Panel B shows results that do not limit the sample to districts with 5 or fewer nearby library branches. 67
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