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Figure A.2: Count of Included Studies per Year
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Table A.1: Summary of per-study steps

study outcome effect per | $ A: source outcome A: source

$1000

Abott Kogan | High school | 0.0850 $417 (2012$): Table 8 Expend. P.P. Operations, | 0.0174: Table 8 Grad. Rate, < 5yrs, Bandwidth

Lavertu Peskowitz | graduation < 5yrs, Bandwidth 4/ — 10 +/ — 10, standardized (Table 2 Grad. Rate (4yr),

(2020) Passed); adjusted by factor of 0.8 (5 years to 4

year equivalent)

Abott Kogan | Test scores | 0.1160 $417 (20128): Table 8 Expend. P.P. Operations, | 0.066: Table 8 Math/ELA (SDs), < 5yrs, Band-

Lavertu Peskowitz < 5yrs, Bandwidth +/ — 10 width +/ — 10; adjusted by factor of 0.8 (5 years

(2020) to 4 year equivalent)

Baron (2022) College en- | 0.1870 $289.743 (20108): Figure 1 (b) Total Operational | 0.195: Figure 2 Panel (d) Log(Postsecondary En-

rollment Expenditures, averaged across 1-10yrs Relative to | rollment) Year 10 relative to election (exact esti-
the Election (exact estimates provided by author) | mates provided by author), multiplied by baseline
rate (.39, Table 2), standardized; adjusted by fac-

tor of 0.4 (10 years to 4)

Baron (2022) Test scores | -0.1580 $4400 (2010%): “the median per-pupil bond cam- | -0.0567: Figure 6 panel (c) Average 10th Grade
paign approved in Wisconsin is only approximately | Math Score, cubic Year 6 relative to election (exact
$4,400 per pupil” (24), depreciated over 15 years | estimates provided by author), divided by student-
and averaged over first 6 years level SDs (43.2, footnote 28)

Baron (2022) Test scores | 0.1790 $346 (20108): Figure 1 (b) Total Operational Ex- | 3.084: Figure 2 Panel (c) Average 10th Grade
penditures, averaged across 1-4yrs Relative to the | Math Score Year 4 relative to election (exact es-
Election (exact estimates provided by author) timates provided by author), divided by student-

level SDs (43.2, footnote 28)

Brunner Hyman Ju | Test scores 0.0530 $498 (2015%): Table 2 Current Expenditures, | 0.007: Table 7 All Districts Years postreform, mul-

(2020) State Aid, Expanded controls Yes tiply by 4 (years)

Candelaria Shores | High school | 0.0510 $795.02 (20108): .lxbaseline (Table 2 Weighted | 0.197: Table 5, Full log(Rev/Pupil), standardized

(2019) graduation Mean Total revenues) (Table 2, Graduation rates)

Carlson  Lavertu | Test scores | 0.0900 $2048.79 (20148): Table 8 Dynamic RD model SIG | 0.221, 0.171: Table 5 Dynamic model SIG eligibil-

(2018) eligibilty, average Year 1-4 ity Year 4 of SIG, average Reading and Math

Cascio Gordon Re- | High school | 0.5550 $100 (20098): “each additional $100 increase in an- | -3.46, 0.66: Table 7 A White and Black high

ber (2013) dropout nual current expenditure per pupil...” (pg. 152) school dropout (reverse sign), population weighted

(0.9/0.1) and translated to SD units based on base-
line (pg 147, population-weighted)

Cellini Ferreira | Test scores 0.1770 $6300 (2010%): “the average bond proposal in close | 0.103, 0.160: Table VII, Academic achievement 6

Rothstein (2010)

elections is about $6,300 per pupil” (249), depre-

ciated over 15 years and averaged over first 6

yrs later Reading and Math, standardized (“the
year-six point estimates correspond to effects of
roughly 0.067 student-level standard deviations for
reading and 0.077 for mathematics” (252)




Chaudhary (2009) Test scores | 0.0180 $5348 (19918): From Table 1 baseline .1765516: Table 3, 4th and 7th scaled scores
Clark (2003) Test scores 0.0150 $1094.28 (2001$): Table 3 Current expenditures | 0.023: Table 6 Composite, Kentucky x post model
per pupil Post-reform (1=yes) (3)
Conlin Thompson | Test pro- | 0.0060 $4000 (2013%): “Capital expenditure and capital | 0.081, 0.07: Table 3 Capital Exp PP; model (2)
(2017) ficiency stock variables in Panels A and B are listed in | Percent Proficient in Math and Reading, relative
rates $1000s” (Table 3 note) x4 (years), depreciated 15 | to time t-3, standardized (Table 1 Percent Profi-
years averaged over first 3 cient in Math and Reading)
Gigliotti Sorensen | Test scores 0.0420 $1000 (2016%): “models. .. measure the effect of a | 0.0468, 0.042: Table 4 PPE Math and Reading
(2018) $1000 spending increase” (175)
Goncalves (2015) Test  pro- | -0.0020 $23740.4 (20108): Table 1 Construction Cost Per | 1.266, -1.442: Table 4 6+ yr. Completion Ex-
ficiency Pupil Total, depreciated over 36.875 (weighted be- | posure Math and Reading, standardized (baseline
rates tween 15 and 50 based on “60-65% of projects are | Avg. Proficiency Table 4)
new facilities” (6), averaged across first 6 years
Guryan (2001) Test scores | 0.0280 $1000 (19918): “median estimate...implies that | 0.039, 0.032, -0.034, -0.026: Table V and Table VI
a one standard deviation increase in per-pupil | Math and Reading, subject-combined and stan-
spending ($1,000)...” (21) dardized (assumed student-level SD of 100), then
precision-weighted across grades
Hong Zimmer | Test pro- | 0.0910 $8123 (2000%): Table 1 Avg. bond amount per | 2.13, 1.44: Table 5 4th7th proficiency Relative
(2016) ficiency pupil, depreciated over 26.9 years (weighted be- | year 6, standardized based on Table 3 proficiency
rates tween 15 and 50 based on Table 4 Passed a mea- | baseline
sure New building) averaged over 6 years
Hyman (2017) College en- | 0.0550 $1000 (2012%): “interpretation...is that $1,000 | 0.03: Table 4 model (4) Enroll in postsecondary
rollment of additional spending during each of grades four | schooling, standardized (baseline Table 1 All dis-
through seven...” (269) tricts and cohorts Enrolls in postsecondary school)
Jackson  Johnson | High school | 0.0800 $480 (20008): Table I All Per pupil spending (avg., | 0.07053: Table III Prob(High School Graduate)
Persico (2016) graduation ages 5-17) ($4,800) x0.1 model (7), standardized based on avg. national
baseline graduation rate of 0.77; adjusted by factor
of 0.33 (12 to 4 years)
Jackson Wigger | College en- | 0.0380 $1000 (2015%): “preferred model, a $1000 reduc- | 0.0201: Table A19 model (8) 4-Year Avg Per-Pupil
Xiong (2021) rollment tion in per-pupil spending...” (14) Spending (thousands), standardized based on Ta-
ble 1 College Enrollment Rate baseline
Jackson Wigger | Test scores 0.0500 $1000 (2015%): “preferred model, a $1000 reduc- | 0.0529: Table A19 model (4) 4-Year Avg Per-Pupil
Xiong (2021) tion in per-pupil spending...” (14) Spending (thousands)
Johnson (2015) High school | 0.1440 $85 (20008): “results indicate that a $100 increase | 0.0225: Table 2 first column County Title I per-
graduation in per-pupil Title I funding...” (66) times 0.85 | pupil spending (00s), average ages five to seven-

passed through in real dollars seen by students
(Figure 9)

teen, standardized based on avg. national baseline
graduation rate of 0.77; adjusted by factor of 0.33
(12 to 4 years)




Kogan Lavertu | Test scores 0.0190 -$303.096 (20108): Table 3 Total average Election | -0.14: Table 7 3 years after, to student-level SD
Peskowitz (2017) year-3 years after, times 12000 (“District spending | units based on footnote 34
per pupil is just under $12,000 annually” (384))
Kreisman  Stein- | High school | 0.0280 $1000 (20118): specification, abstract 0.021: Table 8 Graduation, standardized based on
berg (2019) graduation Table 1 Graduation rate baseline; adjusted by fac-
tor of 0.44 (9 to 4 years)
Kreisman  Stein- | Test scores 0.0780 $1000 (20118): specification, abstract 0.097, 0.077: Table 5 Reading and Math
berg (2019)
Lafortune = Roth- | Test scores 0.0160 $907 (20138): Table 4 Mean Total exenditures 0.004: Table 8 Post event x years elapsed times 4
stein Schanzenbach (years)
(2018)
Lafortune Schon- | Test scores 0.0500 $87,701 (20138%): correspondence with author 0.031xyear - 0.016, 0.027xyear - 0.004: Table 3
holzer (2022) 2SLS New School + Newschool Trend, Math and
English Language Arts, 6 years
Lee Polachek | High school | 0.0640 $169.40 (2018%): Table 2 (percent change) | -0.1837: Table 3 9th-12th Grade Cubic, standard-
(2018) dropout times baseline spend by authors’ calculations | ized based on baseline dropout rate Table 1 Mean
($16939.79) Dropout Rate 9-12th Grade
Martorell ~ Stange | Test scores | 0.0250 $7800 (2010%): “average per-pupil size of capital | 0.016, 0.03: Table 5 Standardized Test Scores 6
McFarlin (2016) campaigns in Texas, the state we study in this | years after bond passage Reading and Math
paper, is about $7800” (14), depreciated over 15
years averaged over first 6 years
Miller (2018) High school | 0.0660 $1371.9 (20138$): specification, 0.1 times baseline | 0.384: Table 4 10th Grade Cohort 1-4 years, stan-
graduation spend $13,719.24 (pg. 30) dardized based on Table 1 Graduation Rate 4-year
lag
Miller (2018) Test scores 0.0520 $1371.9 (2013$): specification, 0.1 times baseline | 0.775,0.879, 0.929, 0.477: Table 5 4th Grade Math
spend $13,719.24 (30) and Reading and 8th Grade Math and Reading,
subject-combined then precision-weighted across
grades
Neilson  Zimmer- | Test scores 0.0310 $70000 (2005%): “about $70,000 in the New Haven | 0.153, 0.031: Table 6 > 5 Reading and Math, FE
man (2014) SCP” (25), depreciated over 50 years averaged over
first 6 years
Papke (2008) Test  pro- | 0.0820 $684.75 (20048$): 0.1 times baseline spend $6847.5 | 36.77: Table 7 Fixed Effects-Instrumental Vari-
ficiency (Table 3 Average Expenditure per Pupil 1992- | ables log(average eral per pupil expend), standard-
rates 2004) ized based on baseline Table 5 average 50th per-

centile first three years




Rauscher (2020) Test scores | 0.0070 $9600 (20148): average capital outlays years 1-6 | 47.77, 12.36: Table 4 models (3) and(6) 6 Years af-
post election (Table 5), depreciated over 15 years | ter election Low-SES achievement and High-SES
averaged across first 6 years achievement, to student-level standard deviation

units extrapolating from “These estimates amount
to 0.40 to 0.57 standard deviations...” (119),
distributed across estimated students per school
(NCES)

Rauscher (2020) Test scores | 0.0160 -$745, the average of the decrease in spending in | .016: Tables 4 math and A1l ELA model(3), ru-
rural (-$940) and nonrual (-$550), ($2019) ral and nonrural, to student-level SD units from

author correspondance

Roy (2011) Test scores | 0.3800 $1000 (20108): specification, “estimates im- | 0.057, 0.061: Table 8 Instrumental variables re-
ply...for every $1,000” (159) gressions Lagged spending 1998-2001 Reading and

Math, standardized based on baseline SE (Foot-
note 35)

Weinstein ~ Stiefel | High school | 0.1600 $391.7 (20038): Table 6 Direct Expenditure Title | 3.59: Table 8 Graduation Rate Title I model (2),

Schwartz Chalico | graduation I model (2) standardized based on avg. national baseline grad-

(2009) uation rate of 0.77

Weinstein ~ Stiefel | Test scores | -0.0540 $284.3 (2003%): Table 5: Direct Expenditure Title | -0.011, -.031: Table 7 Title I Math and Reading

Schwartz Chalico I model (2)

(2009)

This describes the steps per overall study-outcome (and by spending type, relevant for Baron (2022)).



A.2 Low-Income versus Non-Low-Income

Table A.2: Studies with LI and non-LI estimates

Study Outcome | non-LI$ | LI$ non-LI LI effect LI definition
effect

Abott Kogan Lavertu | Test 279.99 609.19 0.2572 0.0460 “compare spending and educational outcomes between dis-

Peskowitz (2020) scores tricts that are above or below our sample median in terms of

poverty rates among 5-17-year-olds (according to the Ameri-
can Community Survey)” (9)

Abott Kogan Lavertu | High 279.99 609.19 0.1396 0.0295 “compare spending and educational outcomes between dis-

Peskowitz (2020) school tricts that are above or below our sample median in terms of
gradua- poverty rates among 5-17-year-olds (according to the Ameri-
tion can Community Survey)” (9)

Baron (2022) College 428.72 . 0.2566 “I classify a school district as having an initially-high share of
enroll- economically disadvantaged students if its share falls above the
ment median of the Wisconsin 2000-01 school district distribution

(the earliest year this variable is made publicly available).”
(18)

Baron (2022) Test 329.54 392.81 -0.3509 -0.1419 “I classify a school district as having an initially-high share of

scores economically disadvantaged students if its share falls above the
median of the Wisconsin 2000-01 school district distribution
(the earliest year this variable is made publicly available).”
(18)

Baron (2022) Test 532.74 . 0.1760 “I classify a school district as having an initially-high share of

scores economically disadvantaged students if its share falls above the
median of the Wisconsin 2000-01 school district distribution
(the earliest year this variable is made publicly available).”
(18)
Brunner Hyman Ju | Test 527.60 527.60 0.0303 0.0682 “We separate the effects of SFRs by within-state 1980 income
(2020) scores terciles because reforms were designed to differentially impact
state aid for low- and high-income districts, with the goal of
equalizing school funding” (478)

Candelaria Shores | High 915.52 915.52 0.0188 0.1313 “state-specific poverty quartiles, defined using free lunch eli-

(2019) school gibility status” (39)
gradua-

tion




Goncalves (2015) Test pro- | . 1332.85 . 0.0027 Poorest 25% (Table 3)
ficiency
rates
Hyman (2017) College 1093.70 1093.70 0.0791 0.0055 “districts with below-median 1995 district-level fraction re-
enroll- ceiving free lunch” (276)
ment
Jackson Johnson Per- | High 710.59 686.24 0.0275 0.1140 “...a child is defined as low income if parental family income
sico (2016) school falls below two times the poverty line for any year during
gradua- childhood” (165)
tion
Johnson (2015) High 123.95 123.95 0.0556 0.3406
school
gradua-
tion
Kreisman Steinberg | Test 1116.33 1116.33 0.0264 0.0618 tercile of poverty (economically disadvantaged) (Table 6)
(2019) scores
Kreisman Steinberg | High 1116.33 1116.33 -0.0053 0.0571 tercile of poverty (economically disadvantaged) (Table 6)
(2019) school
gradua-
tion
Lafortune  Rothstein | Test 672.62 1484.28 -0.0059 0.0189 “bottom or top quintile, respectively, of the state district-level
Schanzenbach (2018) scores income distribution” (Table 5)
Rauscher (2020) Test 916.53 916.53 0.0039 0.0152 “The CDE defines low-SES students as those who are eligible
scores for free or reduced-price lunch or whose parents both have
less than a high school diploma. ..I refer to the distinction as
SES throughout the article” (114)

This represents all studies included in our meta-analyses which report separate effects for LI and non-LI populations (Except Baron (2022) operational
and Goncalves (2015), which report for LI but not non-LI). The studies not included in our analyses, but relevant for identifying whether effects of
spending are generally larger for LI populations include: Biasi (2019) on income mobility, Card & Payne (2002) on test score gaps, JJP (2015) on wages
and poverty, Johnson (2015) on wages and poverty. These papers all find either a decrease in outcome gaps between LI and non-LI groups, or specifically
more pronounced effects for LI individuals exposed to increased spending. This assumes the same dollar change for LI and non-LI districts in
. Without additional information about within- and across-district demographic heterogeneity, we are unable to capture (potentially) different
spending changes for LI and non-LI students despite evidence in the paper which suggests money was distributed disproportionately to non-LI schools
within districts. Analogous to our inclusion criteria for studies, we include only low-income estimates from Baron (2022) and not non-low-income estimates
because (estimates provided by author) indicated no detectable spending change associated with operational referendum change for that population.



A.3 Excluded paper details

We excluded papers unrelated to spending and student outcomes{iz] in the United States, and all
those that did not satisfy our inclusion criteria. Here, to shed light on how we applied the inclusion
criteria, we detail a few well-known papers that were considered but were excluded based in each

inclusion criteria.

No Identifiable Policy (Condition a)

Some studies are excluded based on this criterion. For example, [Husted and Kenny| (2000) that
states “Our preferred resource equalization measure. . . equals the change in resource inequality since
1972 relative to the predicted change (that is, the unexplained change in inequality). A fall in this
variable reflects either the adoption of state policies that have reduced districts’ ability to determine

how much to spend in their district or an otherwise unmeasured drop in spending inequality” (298).

No Testing of Exclusion Restriction (Condition b)

Note that the seminal [Hoxby| (2001) paper is primarily focused on the effect of reform type on
school spending. The additional analysis of the effect on student outcomes is not main focus of
the paper, and explicit tests for bias were not conducted. As such, this important paper in the

literature does not meet this component of our inclusion criteria for this particular analysis.

No Effect on Spending (Condition c)

This condition corresponds to a first stage F-statistic of 3.85 for the policy instrument on per-pupil
school spending. In a two-stage-least-squares (2SLS) framework, the typical threshold would be
a first stage F-statistic of 10. We impose a weaker restriction. Still, some well-known studies are
excluded based on this criterion. Specifically, van der Klaauw| (2008)) states that Title I “eligibility
does not necessarily lead to a statistically significant increase in average per pupil expenditures”
(750). Similarly, Matsudaira et al.| (2012) do not find a robust association between the policy (Title I
eligibility) and per-pupil spending. Some studies examine the effects of policies that influence school
spending, but they do not report the effect of the policies on school spending in a way that allows
us to construct a first-stage F-statistic. These include |Downes et al.| (1998]), Figlio (1997)), Hoxby
(2001)) and, more recently, Holden| (2016)) and |Schlaffer and Burge (2020)@ Given its prominence,
we discuss Hoxby| (2001)) in more detail: [Hoxby| (2001) reports that some key policy parameters
(such as the inverted tax price) do predict differences in school spending but that others do not

(such as the income/sales tax rate in support of school spending, which has a t-statistic smaller

32 As an additional exemplar, we excluded |Deke| (2003)) as it reports on estimated effects of attending non-four-year
postsecondary institutions. On one margin, comparing no postsecondary education to non-four-year postsecondary,
this is a positive outcome. However, if people are sorting away from four-year postsecondary and into non-four-year
postsecondary attendance, this is not necessarily an improvement. Thus, we do not include this paper as it is not
comparable to other educational attainment outcomes reported in other papers.

33In particular, this paper only reports estimated effects of capital bonds—and does not specify the change in
spending associated with them. Thus, we are unable to associated estimated effects with a dollar change in spending.



than 1 in predicting per-pupil spending). In a 2SLS model, all the policy variables (including the
weak predictors) are used and no first stage F-statistic is reported. As such, because a strong first
stage is not demonstrated, the 2SLS model predicting spending effects on dropout rates does not
satisfy our inclusion criteria. Having said this, two policy variables are individually significant at
the 5 percent level in most first stage regressions (inverted tax price and the flat grant/median
income). In reduced form models, both these variables individually indicate that increased school
spending reduces dropout rates. As Hoxby concludes, “while the estimated effects of equalization
on student achievement are generally weak, it does appear that the drop-out rate falls in districts

that are constrained to raise spending by the imposition of a per-pupil spending floor” (p. 1229).
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B Supplemental Figures & Tables

Figure A.3: Forest Plot: One Estimate per Paper

2011
2022
2010
2020
2016
2018
2008
2019
2020
2018
2022
2021
2018
2014
2001
2016
2017

Roy

Baron, operational

Cellini Ferreira Rothstein

Abott Kogan Lavertu Peskowitz
Hong Zimmer

Carlson Lavertu

Papke

Kreisman Steinberg

Brunner Hyman Ju

Miller

Lafortune Schonholzer

Jackson Wigger Xiong

Gigliotti Sorensen

Neilson Zimmerman

Guryan

Martorell Stange McFarlin
Kogan Lavertu Peskowitz
Chaudhary (2009

Lafortune Rothstein Schanzenbach (2018
Rauscher (2020b

Clark (2003

Rauscher (2020a

Conlin Thompson (2017

Goncalves (2015

Weinstein Stiefel Schwartz Chalico (2009
Baron, capital (2022

Cascio Gordon Reber (2013)

Baron (2022)

Weinstein Stiefel Schwartz Chalico (2009)
Johnson (2015)

Abott Kogan Lavertu Peskowitz (2020)
Jackson Johnson Persico (2016)

Miller (2018)

Lee Polachek (2018)

Hyman (2017)

Candelaria Shores (2019)

Jackson Wigger Xiong (2021)

Kreisman Steinberg (2019)

Note: The top panel shows papers that examine effects on test scores, and the bottom shows papers that
examine spending effects on educational attainment. Each estimate represents the marginal effect of a $1000
per-pupil spending increase sustained over four years on standardized outcomes. The error bars represent
the 95% Confidence Interval for each estimate. We show the 95% Confidence Interval for the Pooled Overall

-4

Test Scores

SRR

-

]l ezt 11T
1 |

0 .
Effect per $1000 in PPE

Educational Attainment

4

effect in pink and the 95% Prediction Interval in blue.

11

2 .6
Effect per $1000 in PPE



Figure A.4: Density of Positive Boostrap 7 Estimates
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Figure A.5: Policy Impacts against Increase in Spending (multiple estimates per study)
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Figure A.6: Marginal Impacts by Baseline Spending Level (multiple estimates per study)

Test Scores Educational Attainment

« Cascio Gordon Reber

« Abott Kogan Lavertu Peskowitz a

2
© CelliBdierreira Rothstein
= 4
& o Abott Kogan Lavertu Peskowitz a
] et
S ( Wigliotti Sor ° Jobmson
ISt i
>4 0 Schanzenbach
o
a © Weinstein Stiefel Schwartz Chalico © Baron b
I
153
3
=} 2
5] Ban oBaron b
« Baron ¢
= Weinstein Stiefel Schwartz Chalico
-2 Odohnson - s AjalfKogan Lavertu Peskowitz b
(OJohnson Jackson (2019), Jackson Johnson Persico
)Jhm JacRianfidd
/m\ fh.ny agh i e Polachek
B
Ot e, S
4 0 YA (R eisman Steinberg b
p—
5000 10000 15000 20000 25000 0 5000 10000 15000 20000 25000
Baseline Per Pupil Expenditure (2018%) Baseline Per Pupil Expenditure (2018%)
Precision-weighted slope: 0.00000; Naive equal-weighted slope: -0.00001 Precision-weighted slope: -0.00000; Naive equal-weighted slope: -0.00001

Note: This is a scatterplot of each policy’s marginal effect on standardized outcomes (é]) against the
baseline spending level in the policy context. More precise estimates are depicted with larger circles, and we
plot the precision-weighted slope. Note that there are multiple observations per study

Figure A.7: Marginal Impacts by Change in Spending Level

Test Scores Educational Attainment

- Roy
o Cascio Gordon Reber

3
@ 4
a
g 2
=) o Cellini Ferreira Rothstein
S
=
©»
%
2 . ° Abott Kogan Lavertu Peskowitz a
T © Hong Zipmyer © Carlson Lavertu
2 CPibkreisman Steinberg a \
= OBrunner opiiong a OLafortune Schor OBaron b

n ONeilson Zimmerman © Weinstein Stiefel Schwartz Chalico
S N conbach Odohnson
0 ncalves
© Weinstein Stiefel Schwartz Chalico
1 0
0 1000 2000 3000 4000 0 500 1000 1500
Change in Per Pupil Expenditure (2018$) Change in Per Pupil Expenditure (2018%)
Precision-weighted slope: 0.00002; Naive equal-weighted slope: 0.00000 Precision-weighted slope: -0.00002; Naive equal-weighted slope: -0.00018

Note: This is a scatterplot of each policy’s marginal effect on standardized outcomes (6,) against its effect on
spending (A$;). More precise estimates are depicted with larger circles, and we plot the precision-weighted
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Figure A.8: Non-Capital Test Score
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Note: Each estimate represents the marginal effect of a $1000 per-pupil spending increase sustained over
four years on standardized outcomes. The error bars represent the 95% Confidence Interval for each estimate.

Figure A.9: Capital Test Score
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Note: Each estimate represents the marginal effect of a $1000 per-pupil spending increase sustained over
four years on standardized outcomes. The error bars represent the 95% Confidence Interval for each estimate.

15



Figure A.10: Test Scores

First Stage > 20, Test Score
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Note: Each estimate represents the marginal effect of a $1000 per-pupil spending increase sustained over
four years on standardized outcomes. The error bars represent the 95% Confidence Interval for each estimate.

Figure A.11: Educational Attainment

First Stage > 20, Educational Attainment
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Note: Each estimate represents the marginal effect of a $1000 per-pupil spending increase sustained over
four years on standardized outcomes. The error bars represent the 95% Confidence Interval for each estimate.
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Table A.3: Meta-Analysis Estimates by Geographic Characteristics

(1) (2) (3) (4) (5)
Educational  Educational
Test Scores  Test Scores  Test Scores Attainment  Attainment
by Multistate by Region by Urbanicity by Multistate by Region
Average Effect 0.0274** 0.0471*** 0.0402*** 0.0536*** 0.0625***
(0.00624) (0.00782) (0.00814) (0.0154) (0.00976)
Multistate 0.0187* 0.00985
(0.00972) (0.0190)
South -0.0207* -0.0249
(0.0120) (0.0760)
North -0.0115 0.0161
(0.0202) (0.0684)
Northeast -0.0262 0.00676
(0.0219) (0.0239)
West -0.0131
(0.0259)
Urban -0.0217
(0.0273)
Rural 0.000489
(0.0321)
N 40 40 24 25 25
T 0.0198 0.0266 0.0290 0.0313 0.0398

Standard errors in parentheses are adjusted for clustering of related papers.

*p<.1,™ p<.05 " p<.01

17



C The Common Parameter Estimate

For each study, we compute an estimate of the effect of a $1000 per-pupil spending increase (in
2018 dollars), sustained for four years, on standardized outcomes for the full population affected by
the policy. We compute separate estimates for test scores and educational attainment outcomes.
Because studies do not all report impacts in this form, this often requires several steps. We detail
how we compute this empirical relationship (or parameter estimate) for through several steps, and
highlight any additional required assumptions in the following subsections. Importantly, we show

that none of these assumptions change our final conclusions in any appreciable way (see Sections

and.

Step 1: Choice of outcomes

We report effects on student achievement (measured by test scores or proficiency rates) and educa-
tional attainment (measured by dropout rates, high school graduation, or college (postsecondary)
enrollment). If multiple test score outcomes are reported (e.g., proficiency rates and raw scores)
we use the impacts on raw scores. This allows for standardized test score effects that are more
comparable across studies, and avoids comparing impacts across thresholds of differing difficulty
(i.e., where some areas have higher proficiency standards than others)@ For educational attain-
ment outcomes, we capture impacts on high-school completion measures and college enrollment.

For studies that report multiple of these measures, we take the highest level reportedlﬂ

Step 2: Computing Population Average Treatment Effects

For much of our analysis, we use one estimate per outcome per study. When studies report estimates
for multiple specifications, we capture estimates from the authors’ preferred specification. When
there is a reported overall estimate across all populations (e.g., high-income and low-income), all
subjects (e.g., Math and English), and all grade levels (e.g., 8th grade and 4th grade), we take
the overall estimate as reported in the study. When studies report effects by subject, grade level,
or population, we combine across estimates to generate an overall estimate and standard error for
analysis@ When we combine test score effects across subjects for the same grade, we assume these

stem from the same population and use the simple average as our overall effectﬂ @ We combine

341n one case, [Kogan et al.| (2017)), multiple raw score effects were reported. We took the estimates for the preferred
outcome indicated by the authors.

35For example, if effects are reported for college enrollment and high school graduation, we take the college
enrollment effects. If effects are reported for high school graduation and high school dropout, we take the high-school
graduation effects. This particular decision rule of taking graduation over dropout outcomes is further justified
because: (a) dropout rates are notoriously difficult to measure (Tyler and Lofstrom| (2009)) and thus a less reliable
measure of educational attainment, and (b) different entities often measure dropout rates is very different ways.

36Note that we estimate our main models across a range of assumed correlations, displayed visually in Figure
These have little effect on our main results.

3TWe follow [Borenstein| (2009) Chapter 24 to compute the standard error of the average effect, and assume a
correlation of 0.5 when combining subjects for the same grade.

38In the single paper (Baron| (2022)) that presents impacts for two separate types of spending (non-capital and
capital) on one outcome (test scores), we use the simple average of the impacts of both spending types as our single
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test score effects across grade levels using a precision-weighted average@ When we combine test
score or educational attainment effects across populations (i.e., high- and low-income), we use the
population-weighted average (i.e., put greater weight on the larger population) as our overall study
effect@ This ensures that our overall estimate is as representative as feasible of what the effect
would be for the entire population, and facilitates comparison across studies. In Section We

show that all of our results are remarkably similar to alternative ways to combine estimates.

Step 3: Standardize the Effect on the Outcome

Studies report effects on test scores with different scales, and may report impacts on different
outcomes (e.g., district proficiency rates or high school graduation). To facilitate comparison across
studies, we convert each estimated effect into student-level standardized units if not already reported
in these units 4]

Step 4: Equalize the Years of Exposure

Because education is a cumulative process, one would expect larger effects for students exposed to
school spending increases for a longer period of time. To account for differential treatment over
time, we standardize all effects to reflect (where possible) the effect of being exposed to a spending
increase for four years. Several studies report the dynamic effects of a school-spending policy (i.e.,

the effect over time). For test scores, when the dynamic effects are reported, we take the outcome

overall effect for the coin test analysis; we include both (non-capital and capital) distinct estimates of effects on test
score outcomes for our meta-analysis. To compute the standard error of the overall test score effect for [Baron| (2022)
we assume a correlation of zero.

39Precision weighting is a way to aggregate multiple estimates into a single estimate with the greatest statistical
precision. Instead of a simple average, this approach more heavily weights more precise estimates (i.e., placing more
weight on the estimates that are the most reliable). We follow Borenstein| (2009) Chapter 23 to compute the standard
error of the precision-weighted average as the reciprocal of the sum of the weights (inverse variances). This calculation
of the standard error assumes a correlation of zero between the estimates.

4OWe follow [Borenstein| (2009) Chapter 24 to compute the standard error of the average effect, and assume a
correlation of zero when combining outcomes for different populations. We use the relative sample sizes reported
in the study to weight. For example, in [Lafortune et al.| (2018) we combine the estimates for the top and bottom
income quintiles (using the relative sample sizes) and assume a correlation of zero between these estimates. We make
an exception in one case: |Cascio et al.|(2013) report dropout rate estimates for Black and White students. For this
study we population-weight by an estimated share White = 0.9 and share Black = 0.1 rather than the 0.68/0.32
shares reported for the study sample.

“'When effects are not reported in student-level standardized units, we divide the reported raw effect, Ag, by
the student-level standard deviation of the outcome to capture the estimated effect on the outcome in student-level
standard deviation units (i.e. oy). To perform this standardization, we gather information from each paper on the
standard deviation of the outcome of interest. This standard deviation is generally reported in summary statistics.
In two cases (Rauscher| (2020al) and [Kogan et al.|(2017)), the standard deviation is reported at the school or district
level. In these two exceptional cases, we convert the school- or district-level standard deviation into a student-level
standard deviation by dividing the school or district-level standardized estimate impacts by the square root of the
school or district size. Our results are robust to excluding these two studies (see Table[A.7)). For binary outcomes such
as proficiency rates, graduation rates, or college-going rates, we use the fact that the standard deviation of a binary
variable is /p X (1 — p). In the three studies that report on graduation rates for relatively old samples (Jackson
et al.| (2016), |Johnson| (2015) and [Weinstein et al.| (2009)), we standardize estimated effects using graduation rates
that prevailed at that time (77%) from national aggregate statistics, rather than using the baseline reported for the
study sample. This choice makes studies more comparable by using the same standardization across studies of the
same outcome and time period.
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measured four years after the policy change@ Some papers do not report dynamic effects, and
only report a single change in outcome after a policy-induced change in spending. In such cases,
we take the average reported eﬂ"ect@ Because high school lasts four years, many papers report
the effect on educational attainment of four years of exposure, but not all do@ ﬁ We adjust the
captured effects to reflect four years of exposure by dividing the overall effect by the number of
years of exposure and then multiplying by four.

To justify this modelling decision, we show empirical evidence that the benefits to increased
spending increases approximately linearly with years of exposure. We focus on educational attain-
ment because educational attainment is measured at the same age for all respondents, but there is
variation in years of exposure across studies.

That is, some studies of educational attainment outcomes show the effects of four year of
exposure to a spending increase, while others present effects of 9 years and 12 years so we can test
if our assumption is reasonable. We plot the estimates (not adjusted for exposure) on educational
attainment in Figure with more precise studies represented with larger circles. The pattern
indicates larger overall impacts for estimates that relate to more years of exposure (per $1000 per-
pupil spending increase). We run a meta-regression on the years-unadjusted effects, and include the
years of exposure underlying each estimate as a covariate. The slope of year of exposure is 0.00x
(p—value = 0.03) and one cannot reject the average four-year effect (the shortest exposure reported)
is the same as four times the average impact of an additional year of exposure (p — value = 0.79).
In sum, the data indicate that the educational attainment impacts increase with years of exposure
and that the increase is approximately linear in years of exposure. This is both (a) a substantively

important result to inform policy, and (b) validates our modelling assumption.

Step 5: Equalize the Size of the Spending Change

Each included study isolates the effect of the policy on spending (and that of the policy on out-
comes) from other potential confounding factors and policies. We seek to determine the change in
outcomes associated with a particular change in per-pupil spending. To ensure comparability of
dollar amounts across time, we adjust reported dollars in each study into 2018 equivalent dollars
using the Consumer Price Index (CPI)@ Because we measure the impacts of exposure to four years
of a spending change, we relate this four-year outcome effect to the change in spending during these

same four years. For each study j we collect the average change in per-pupil spending (in 2018 CPI

42Note that some papers may refer to this as a year-three effect when they define the initial policy year as year
zero, while others may refer to this at the year four effect if the initial policy year is year 1.

43In many cases, the average exposure is less than four years so that (if at all) we may understate the magnitude
of any school spending effects for these studies.

“Papers that report effect for years of exposure other than 4 are: [Abott et al.| (2020)),|Jackson et al.(2016)) /Johnson
and Jackson| (2019), and Kreisman and Steinberg] (2019).

#5We capture the effect of referendum passage on college enrollment 10 years post-election in the case of [Baron
(2022)) to ensure comparability with other studies which report on the same outcome.

TWe adjust based on the article’s reported $ year, and the last year of data if no $ year reported.
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Figure A.12: Educational Attainment by Years of Exposure

Average Effect (Random Effects Meta-Reg)

Time

95% Confidence Interval

adjusted dollars) over the four years preceding the observed outcome, A&ﬂ When the effect of
spending on outcomes is directly reported in a study, we record this estimate directly. See Section

for a detailed description of accounting for capital spending.

Step 6: The Standardized 4-Year $1000 Spending Effect

For each study, we obtain an estimate of the change in the standardized outcome per $1000 policy-
induced change in school spending (averaged over four years and in 2018 dollars). Our standardized
effect on outcome y from study j is ; = (Ay;)/(AS;). For 5 out of 31 study-outcomes, we compute
this ratio manually after standardizing the impact of the policy on both student outcomes and per-
pupil spending. For the 26 out of 31 study-outcomes that report marginal spending effects directly,
we take the reported marginal effect and adjust it (where needed) for exposure, CPI, and student-
level standardization. Importantly, this parameter estimate is comparable across studies éj can

be interpreted an Instrumental Variables (IV) estimate of the marginal impacts of school spending

4TFor a policy that leads to a permanent shift in spending, the total four-year change in spending is 4 times the
permanent shift and the average is the permanent shift. However, because spending can vary across years following
policy enactment, the duration of exposure and duration of the policy may not be the same. In these cases, we
use the average increase in spending during the four years preceding the outcome. For example, a policy may have
increased per-pupil spending by $100 in the first year, and increased linearly up to a $400 increase in the 4** year.
In this case, we would use the average increase in spending during the four years, which is $250. If a study does not
report spending change in the four years preceding the observed outcome, we capture the change in spending and the
contemporaneous measured outcome. This decision likely understates the true spending effect because these models
may not account for the benefit of spending in previous years.

48We also capture the associated standard error of the estimate. When studies report the effects on spending
and then on outcomes, our standardized effect éj is a ratio of two estimates: the estimated change in the outcome
divided by the estimated change in spending. In these cases, where studies report the effect of a policy and not of a
specific dollar change, we account for this in computing the standard error. We follow |Kendall et al.| (1994)) and use
a Taylor expansion approximation for the variance of a ratio. If ug and us are estimates of 5 and 4, respectively, and

2 02 o2 .
if Corr(B3,6) = 0, the standard deviation of % is approximately ,/Z—g[u—é + =3]. In Appendix Table we run our
s Ms s

main specifications across the range Corr(8,9) = [—1, 1] and our overall results are largely identical.
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on outcomes using the exogenous policy-induced variation in school spending as the instrument@

To illustrate the importance of computing the same parameter from each paper, consider the
following two papers: Lafortune et al.| (2018)) report that the “implied impact is between 0.12 and
0.24 standard deviations per 31,000 per pupil in annual spending” while |Clark| (2003)) reports that
“the increased spending [...] had no discernable effect on students’ test scores”, reporting small,
positive, statistically insignificant impacts. At first blush, these two studies suggest very different
school spending impacts. However, when compared based on the same empirical relationship, the
papers are similar. Specifically, precision aside, éj for |Clark] (2003) is 0.0148c. By comparison, the
large positive impact in Lafortune et al.| (2018) is based the change in the test-score gap between
high- and low-income groups (a relative achievement effect which is an important estimate for
distributional analysis) over ten years. Their estimates of absolute overall test score impacts over
4 years yields a éj of 0.01640

C.1 Detailed Approach to Making Capital Comparable to Non-Capital

To account for the difference in timing between when capital spending occurs and when the inputs
purchased may affect outcomes, we use the annualized accounting value of the one-time increase in
spending as the spending change associated with estimates of student outcomes.

To assess the value of $1000 in capital spending as comparable to the same in non-capital
spending requires some reasonable assumptions. Specifically, a one-time (i.e., non-permanent)
$1000 increase in spending to hire an additional teacher for a single year may be reflected in
outcomes in that year. In contrast, such spending on a building should be reflected in improved
outcomes for the life of the building. In a simplistic case, where the asset does not depreciate (i.e.,
there is no wear and tear and the asset is equally valuable over its life), one would distribute the
total cost of the asset equally over the life of the asset. For example, if the life of a building is 50
years and the building costs $25,000,000, the one-time payment of $25,000,000 would be equally
distributed across the 50-year life span and be equivalent to spending $25,000,000/50=$500,000
per year. Note that, with no depreciation, for a typical school of 600 students, this seemingly large
one-time payment of $25M would be equivalent to $500,000/600= $833.33 per-pupil per year.

In a more realistic scenario with depreciation, during the first year of a building’s life, it is more
valuable than in its 50" year, due to wear and tear and obsolescence. In our example, the building’s
value in its first year would be greater than $500,000 and in its last year less than $500,000. To

account for this, we follow convention in accounting and apply the depreciated value of capital

49For the 16 study-outcomes that report population average IV estimates, we simply re-scale the reported effects
(and standard errors) to equalize exposure, and CPI-adjust policy spending changes. For 15 study-outcomes, our
overall effect combines estimates across subjects (e.g., math and reading) and/or populations (e.g., grade-levels, high
and low-income, or Black and White students). In all but 1 of these cases we compute the average of the sub-
population IV estimates — as opposed to computing the ratio of the average effects. We only compute the ratio of
the average effects when we combine estimates across grades levels and subjects. In these cases, because there are no
reported differences in spending changes by grade or subject, the ratio of the average effects and 