TABLE A7 (CONTINUED)

Math English Language Arts
Quartile I  Quartile 2 Quartile 3  Quartile 4 Quartile 1  Quartile 2  Quartile 3  Quartile 4
Quartile mean 0.38 0.71 0.88 0.95 0.38 0.71 0.88 0.95
Counties 637 637 635 635 637 637 635 635
County * Year * Grade obs. 21,762 21,748 22,337 23,368 21,762 21,748 22,337 23,368

Note. Each column (i.e., quartile) within a panel represents a separate regression. Coefficients with robust standard errors (two-way clustered at the county
and grade * year levels) are reported. R/% is an indicator for the qth recession intensity quartile; the omitted reference category is recession intensity Quartile
1 (i.e., RI="). Exposure is an indicator variable which equals 1 for Cohorts 20022009 with at least one year of exposure to differential annual declines in
recession-induced spending following the onset of the official period of the Great Recession, and zero for Cohorts 2010-2011 with zero years of exposure to
differential annual declines in recession-induced spending. YearsSince equals the number of years since the end of differential annual declines in recession-
induced spending (0 in 2009 and 0 in 2010, 1 in 2011, 2 in 2012, up to 5 in 2015). Quartile I includes counties with the lowest proportion of students of a
particular racial/ethnic category (Black, Hispanic, White), and Quartile 4 includes counties with the largest proportion of students receiving of a particular
racial/ethnic category. All regressions control for county fixed effects, grade * year fixed effects, interactions of prerecession (2006) county-level economic
characteristics—unemployment, poverty, business establishments, and per capita income—with grade * year fixed effects, and interactions of prerecession
(i.e., 2002-2003 through 2006-2007) district-level spending shocks with grade * year fixed effects. See text for description of economic variables and data

sources.
*p <.1.¥¥p < .05 *¥*p < 0l.
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FIGURE Al. Unemployment rate, by recession intensity
quartile.

Note. Figure maps the average unemployment rate by recession intensity
quartile q, for academic years 2002-2003 (i.e., Spring 2003) to 2009—
2010 (i.e., Spring 2010). Following Yagan (2016), recession intensity
is equal to the net change in log employment for years 2003-2006 and
2007-2010 in county c. The vertical line indicates the pre- and postreces-
sion periods.

(continued)
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FIGURE A2. Distribution of recession intensity. (a)

Standardized recession intensity. (b) Recession intensity quartiles.
Note. Panel (a) shows Recession.standardized to be ~ N (O,l) and scaled so
that higher values correspond to less employment growth. Panel (b) shows
quartiles of Recession,., again scaled so that higher values correspond to
less employment growth. Sample limited to analytic sample (nonmissing
achievement and independent variables). For visualization purposes, values
are top and bottom coded, meaning that values outside the 1st and 99th per-
centiles are set equal to the 1st and 99th percentile values, respectively. Fig-
ure is comparable to Yagan (2016) who plots net log employment changes
for commuting zones.

Appendix B
Two-Way Difference-in-Differences Framework

To motivate our preferred panel-based DD approach, we
present the following simple two-way DD framework (for
similar expositions, see table 3 in Chetty, Looney, & Kroft,
2009, and table 3 in Duflo, 2001). First, among cohorts
located in counties with large local labor market shocks
(i.e., high recession intensity counties), we calculate the
difference in average achievement between cohorts
exposed (Ve1,04) and cohorts unexposed (Vro,04) to reces-
sion-induced school finance shocks. Second, among coun-
ties relatively unaffected by local labor market shocks (i.c.,
low recession intensity counties), we calculate the com-
parison group as the difference in average achievement
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between cohorts with exposure (V£1,01) and cohorts without
exposure to changes in school spending during the Great
Recession. The DD estimate is therefore the change in
achievement between exposed cohorts and unexposed
cohorts located in counties with and without recession-
induced school finance shocks. In Table B1, which is akin
to a traditional DD treatment/control matrix, we summa-
rize this approach and present the naive DD estimates for
math and ELA achievement.

The naive estimates summarized in Table B1 show that
average achievement was lower among cohorts exposed to
recession-induced shocks to school spending compared
with unexposed cohorts, and that the difference in achieve-
ment between cohorts with and without exposure was
greater for students located in high recession intensity
counties (i.e., counties with larger local labor market
shocks). Though this naive model is illustrative, it has
some important shortcomings. First, this simple DD esti-
mate does not eliminate between-county variation. Second,
this simple DD ignores the multiple years of achievement
data available, thereby failing to control for any nonlinear
year-by-grade changes in achievement that may occur.
Finally, the two-way DD approach does not control for
covariates, specifically prerecession factors that may be
correlated with the magnitude of the recessionary shock
and changes in postrecession achievement.
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Appendix C

Examining the Empirical Strategy’s Causal Warrant:
Competing Explanations for Variation in Postrecession
Achievement Trends Across Cohorts

Our empirical strategy leverages cross-cohort variation in
years of exposure to recession-induced shocks to school
spending. Our strategy further relies on cohorts with zero
school-age years of exposure as the comparison group; these
cohorts are younger than the treated cohorts who have at
least 1 year of exposure to recession-induced spending
shocks. In order to provide a credible causal interpretation,
this empirical strategy relies on the assumption that reces-
sion-induced family shocks (i.e., nonschool shocks) to stu-
dent achievement are, on average, invariant across cohorts
(i.e., across age). Furthermore, because years of school-age
exposure is collinear with age, we cannot directly test this
assumption. To lend insight into this key assumption, we
estimate cohort-specific achievement estimates for all
cohorts with 2 years of exposure to recession-induced spend-
ing shocks (see Figure 3 and Table A4). Though we find a
clear pattern of cohort-specific heterogeneity in achieve-
ment estimates across cohorts, with a steeper gradient for
math than for ELA estimates, these cohort-specific differ-
ences may be due (in part or in combination) to three factors,
which we detail below.

First, there may be heterogeneity in the marginal effect
of shocks to the family (i.e., age-specific differences in the
effect of family resources on student achievement). Prior
evidence finds that the effects of early-childhood exposure
to family investments and divestments are more conse-
quential for younger children than older children (Duncan
et al., 1998; Duncan et al., 2010; Votruba-Drzal, 2006).
Second, there may be heterogeneity in the marginal effect
of common shocks to schools (i.e., age-specific differences
in the effect of school resources on student achievement).
Prior evidence finds that the returns to investing in early
childhood education are greater than investments in older
children for whom remediating the consequences of early-
life economic and skill deficiencies at later ages is costly
(Heckman & Masterov, 2007). Third, there may be hetero-
geneity in the amount of school resources allocated across
grades within districts (i.e., unobserved and uneven distri-
bution of school spending losses across grades). Though
we can find no empirical evidence on this topic, such het-
erogeneity may occur in response to recessions if, for
example, schools maintain classroom sizes for younger
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students by shifting teachers and other school resources
away from older students.

In what follows, we conceptualize each of these three fac-
tors in the following way: (1) we denote the elasticity of
family shocks on student achievement as 0Y / OF, or simply
B; (2) we denote the elasticity of school resource shocks on
student achievement as 0Y /0S , or simply §; and (3) we
denote grade-specific school resource allocations as 0S, or
simply A. Important, each of these three quantities are
unobserved in our data. Below, we present four stylized
cases to gain insight into the extent to which the presence of
one (or more) of these factors may bias estimates of expo-
sure to recession-induced shocks to school spending on stu-
dent achievement. We conclude by examining how the
presence (or absence) of these factors may explain the
observed differences in cohort-specific achievement effects
(see Figure 3 and Table A4).

Case 1: No Differential Response to Family or School
Shocks. Table C1 summarizes the case where the achieve-
ment elasticities from family shocks (0Y /0F ) and school
shocks (0Y /0S') do not vary across cohorts. In other words,
we begin with the assumption that the marginal effect of
equivalent losses to family income or school resources (e.g.,
educational spending, class sizes) have the same effects on
student achievement irrespective of the age at which these
losses occur. What distinguishes the three example cohorts in
Table C1 is that the 2010 cohort did not experience a school
resource shock (i.e., 05,y =A.o =0), while the 2002 and
2008 cohorts were both exposed to 2 years of recession-
induced shocks to school spending (i.e., 6S = A > 0 ). We then
can define treatment (i.e., exposure to recession-induced fam-
ily and school resource shocks) and control (i.e., exposure to
just recession-induced family resource shocks) as follows:

(1) Treatment = B+[8*k]

(2) Control = B+ [8 * O]

(3) Treatment — Control ={B+[6*k]} —{B+[8*O]} =
[6%2] =,

The effect of a school resource shock, which is a function of
the magnitude of the resource shock (1) and the marginal
effect of a school resource shock on student achievement ()
is defined as a., , where the subscript indicates Case 1. In this
case, we obtain an unbiased estimate of o, . Furthermore, we
would expect there to be no difference in achievement effects
across exposed cohorts (i.e., 2002 and 2008).



TABLE Cl1

No Cohort Variation in Achievement Response to Family or School Shocks

Family Shock (6Y / 6F)

School Shock (6Y/6S)

School Resource Allocation (GS )

Older kids o1
(e.g., Cohort 2002) [O_FJ =B

Younger kids oy
(e.g., Cohort 2008) [5j =B

Youngest kids oy
(e.g., Cohort 2010) [§j =B

oS =\

2
2)-
2)-

Case 2: Differential Response to Family Shocks (Younger
Children Are More Vulnerable). Table C2 summarizes the
case where the achievement elasticities from family shocks
(0Y /OF ) vary across cohorts but the achievement elastici-
ties from school shocks (0Y /6S ) and the magnitude of the
school shocks (0S') do not vary across cohorts. As in Case 1,
we assume that the 2002 and 2008 cohorts experienced
school resource shocks, whereas the 2010 cohort did not.
However, following Duncan et al. (1998), we allow the
effects of common shocks to family income to vary by age
of exposure such that the achievement effects of family
shocks are more severe for younger children than older chil-
dren. This yields B.io > B.os > Beoo, Where the subscript ¢
indicates Cohorts 2010, 2008, and 2002, respectively. We
then can define treatment and control as follows:

(4) Treatment = %(Bcoz +Beos ) +[5%2]

TABLE C2
Cohort Variation in Achievement Response to Family Shocks

(5) Control = B, +[5*0]
(6) Treatment — Control =

[8*7‘]_ {(Beio _%(Bcoz +Beos )} =0,

In Case 2, because the effects of common family shocks

1
are larger for younger children (i.e., .o — 5 (Beos +Beos ) > 0),

the effect of a school resource shock (o, ) is biased down-
ward in magnitude. That is, the effect of the school resource
shock is attenuated (i.e., the effect size is smaller than the
true effect) by the cohort-specific variation in the effect of
common family shocks on student achievement. And,
because the effects of common family shocks are more con-
sequential for younger children, we would also expect the
2008 cohort to be more affected by the recession-induced
shocks than the 2002 cohort, such that a, 5 > a,,q, -

Family Shock (aY / oF )

School Shock (5Y /o8 ) School Resource Allocation (6S )

Older kids oY
(e.g., Cohort 2002) oF ) Beox

Younger kids [6—Y] =B.os
(e.g., Cohort 2008) oF

Youngest kids [6—)’] =B.1o
(e.g., Cohort 2010) oF

s a8 =

oS

(6—Yj=5 as =1
oS

(Z_gj =9 aSclo = 7%10 =0

Case 3: Differential Response to Family and School Shocks
(Younger Children Are More Vulnerable). Table C3 summa-
rizes the case where the achievement elasticities from family
shocks (0Y/0F ) and the achievement elasticities from
school shocks (0Y/0S ) vary across cohorts. Given evi-
dence from Heckman and Masterov (2007), we let the effects
of common school shocks be more consequential for younger

children. Now, 8,y > 8.5 > 0.0, . We then can define treat-
ment and control as follows:

(7)  Treatment = %(Bcoz +Beos )+ |:% (8cor +8c08)* )“}
(8) Control = B, +[8,, *0]
(9) Treatment — Control =

1 1
|:5(6c02 +6608)*)\’:l_(Bc10 _E(BC‘OZ +B008) = (13)
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Here, as in Case 2, because the effects of common
family shocks are larger for younger children (i.e.,

1
B.10 _E(ch +B.os ) >0), the effect of a school resource
shock (o) is biased downward. Our estimate of the effect
of a school resource shock () is the weighted average

of the differential effect to achievement for Cohorts
2002and 2008 from common school resource shocks

TABLE C3.

(i.e., %(6602 +8,05)*A ). Finally, as with Case 2, we would

expect the effects of common school resource shocks to be
larger for younger children, such that a, ,, > a,,, » that is,
that younger children (i.e., 2008 cohort) with equal years of
exposure and equal losses to school resources would have
lower academic achievement than older children (i.e., 2002
cohort).

Cohort Variation in Achievement Response to Family and School Shocks

Family Shock (0Y / 0F )

School Shock (8Y /08 ) School Resource Allocation (6S )

Older kids ( oY j p
(e.g., Cohort 2002) oF ) "%

Younger kids [ oY ] -8
(e.g., Cohort 2008) oF ) "%

Youngest kids or) _ 8
(e.g., Cohort 2010) oF ) 7Y

s, 05 =1
oS ¢
oY
(5} =308 oS =h
(a_yj =8 6Sc10 = 7%10 =0
cl0
oS

Case 4: Differential Response to Family and School Shocks
(Younger Children Are More Vulnerable); Differential
School Resource Allocations (Older Children Are More Vul-
nerable). Table C4 summarizes the case where the achieve-
ment elasticities from family shocks (0Y/0F ) and the
achievement elasticities from school shocks (0Y /0S') vary
across cohorts, with the addition that the magnitude of
school resource allocation (0S) varies across exposed
cohorts (2002 and 2008). If, for example, school district
leaders believe that younger children are more sensitive to
school resource shocks than older children, they may priori-
tize maintaining class sizes in earlier grades in the presence
of declines in school resources following recession-induced
spending shocks. This type of heterogeneity in resource allo-
cation would be unobserved in our models but can be
described as Ay, > A5 .'° We then can define treatment and
control as follows:

(10) Treatment = %(ﬁcoz +BLos ) + %[(SCOZ *Aeon ) +

(6608 * 7\‘008 ):|

TABLE C4

(11)  Control = B, +[ 8,40 *0]

(12) Treatrnent—Controlz%[(8002 *Xeo2 ) + (6608 *Xeoos )}

1
(B0 _E(Bcoz + ﬁcos) =ay)

Here, as in Cases 2 and 3, the effect of a school resource
shock (0, ) is biased downward in magnitude because the
effects of common family shocks are larger for younger chil-

dren (i.e., B,y _%(BCOZ +B.og)>0). Our estimate of the

effect of a school resource shock () is the weighted
average of the combined effect of differential returns to
achievement from school resource shocks and variation
in cohort-specific school resource allocations (i.e.,

%[(8002 *Reoa ) + (6008 *Xeos )] ). Here, differences in the

effects of recession-induced shocks to school spending for
the 2008 and 2002 cohorts would be attributable to both (1)
differences in the marginal returns to family- and school-
resource shocks (i.e., {Beos +0.08} > Beoz +0c02)) and (2)
differences in the magnitudes of variation in school resource
allocation (i.e., Mgy > Agg) .

Cohort Variation in Achievement Response to Family and School Shocks; Cohort Variation in School Resource Allocation

Family Shock (0Y / 0F )

School Shock (6Y / 6S) School Resource Allocation (6S)

Older kids (5_YJ B
(e.g., Cohort 2002) oF

Younger kids ( or J =B
(e.g., Cohort 2008) or

Youngest kids v
(e.g., Cohort 2010) F Beio

oY
g = 8002 oS = ;\'002
oY

(5} =380 08 =Noog
6_Y =5 0810 =210 =0
6S cl0
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Explaining Observed Cohort-Specific Variation in Achieve-
ment Effects. Evidence from Figure 3 (and Table C4) reveal
heterogeneity in cohort-specific achievement effects among
cohorts with 2 years of exposure to recession-induced
declines in school spending. What might explain this pattern
of cohort-specific achievement effects?

First, we find statistically significant variation in the
effect of 2 years of exposure among cohorts, such that
Ol.g; > O, - Evidence that oy, > oo could be due to the
following. (1) If J,4>98,, and PB.g>B.,, then
Aoy > Mog - This means that even though family and school
shocks more adversely affect younger kids, schools would
have to reallocate more resources to younger students and
away from older students following the recession-induced
spending declines, and that the magnitude of resource allo-
cation away from older students was large enough to over-
come the adverse family and school shocks to younger
students. (2) If 8,y5 > 8,4, and B.os =PB.oz > then A g, > A g5 -
This means that if younger and older kids’ achievement
responded similarly to family shocks and younger kids
responded worse to school spending shocks than older kids,
schools would have to reallocate spending from older to
younger kids, though not as much as in (1). (3) If 8,45 =904,
and B,os > B.oa»then A g, > A og - This means that if younger
and older kids’ achievement responded similarly to school
spending shocks and younger kids responded worse to fam-
ily shocks than older kids, schools would have to reallocate
spending from older to younger kids, though not as much as
in (1). Finally, (iv) if 8.5=8,, and B.g=p,, then
Aoy > Mooz - This means that if younger and older kids’
achievement responded similarly to school spending and
family shocks, schools would have to reallocate spending
from older to younger kids (though not as much as in (2) or
(3). Therefore, under reasonable assumptions that the effects
on student achievement from equivalent family- and school-
resource shocks are as (or more) detrimental to younger kids
relative to older kids, then the fact that o, > s Suggests
that Ay, > A, that is, that school resources were shifted
away from older kids toward younger kids.

We also find that there is no statistically significant differ-
ence in the effect of two years of exposure for the 2008 cohort
relative to similarly-aged cohorts with zero school-age years of
exposure (i.e., oo =0 ). Because the 2008 and 2010 cohorts
were similarly aged during the Great Recession, this suggest
that 8.,y = 9,45 and B, = B.gs - If true, then because only the
2008 cohort was in school during the Great Recession, the fact
that a.yg = 0 means that & i, = 0. That s, schools would have
reallocated more resources to younger students (and away
from older students) following the recession-induced spending
declines, such that younger students were effectively insulated
from the Great Recession’s shock to school resources.
Alternatively, a combination of factors, such as larger effects
of family shocks for younger children (i.e., B,y > B, ) cOU-
pled with school resource shocks greater than zero (A o3 >0)
could result in an estimated effect of oy = 0.

Schooling During the Great Recession

Taking these two sets of results together, one plausible sce-
nario that explains the observed cohort-specific variation in
achievement effects (i.e., a4, > o) is that grade-specific
variation in resource allocation following recession-induced
shocks to school spending were driving differences in cohort-
specific achievement.'” Though we are unable to empirically
test for grade-specific variation in resource allocation, these
results suggest that greater attention be given to (and research
on) how schools allocate resources across grades in the pres-
ence of recession- or policy-induced spending declines.
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Notes

1. The Quarterly Census of Employment and Wages program
publishes a quarterly count of employment and wages reported
by employers covering 98% of U.S. jobs, available at the county,
MSA, state and national levels by industry. Average annual data
were downloaded from the Bureau of Labor Statistics for each
county and year from https://data.bls.gov/cew/apps/data_views/.

2. We retrieved the unemployment rate from the Local Area
Unemployment Statistics annual averages for each county, avail-
able for download at the Bureau of Labor Statistics: https://www.
bls.gov/lau/#cntyaa.

3. Figure A1 plots average unemployment rate trends, by reces-
sion intensity quartile, from spring 2003 to spring 2010. Figure
A2 displays a map of the continental United States and overlays
Recession, , which we standardize and rescale so that higher
values indicate more adverse economic shocks due to the reces-
sion (i.e., greater employment loss, as measured by negative log
employment growth). Figure A2 shows that while there was some
regional concentration of recession intensity, employment shocks
were generally widespread across the United States. Yagan (2016)
shows a similar pattern using commuting zones.

4. Specifically, the data are standardized relative to a particular
cohort ¢*, specifically the median cohort in the available SEDA
data, allowing fpr cross-cohort comparisons of achievement dif-
ferences. Let l;:,gyg represent standardized achievement in district d,
year y, and grade g, and cohort ¢* represent any specific cohort,
where a cohort is defined by its year minus grade. Then, the data

~ naep A~ naej

are demeaned by (;Z;;F —U(yg)*) sWhere uaye is the unstandardized

.. . ~naep .
district achievement and u(,)+ is mean achievement for cohort

c* from the population NAEP data. The demeaned data are then
divided by 8::@7’ which is the population standard deviation for
cohort ¢* See Reardon, Kalogrides, et al. (2017) for additional
details. Additional technical documentation for SEDA is available
for download: https://stacks.stanford.edu/file/druid:db586ns4974/
SEDA_documentation v21.pdf.

5. Data for Washington, DC, Hawaii, and Alaska are excluded,
as are districts comprised only of charter schools.
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6. Specifically, the algorithm calculates the average spending in
each state and year and eliminates district values in that state-year
which are less than 25% of the bottom 5th percentile or greater than
200% of the top 95th percentile.

7. Per capita income is available from the Bureau of Economic
Analysis (BEA) regional economic accounts and were downloaded
from https:/www.bea.gov/regional/downloadzip.cfm.  Children
in poverty counts are available from the Small Area Income and
Poverty Estimates. Small Area Income and Poverty Estimates data
are intended to provide model-based estimates of income and poverty
statistics, based on data from administrative and census records. Data
were downloaded from https://www.census.gov/data/datasets/2017/
demo/saipe/2017-state-and-county.html. Unemployment data are
taken from the Local Area Unemployment Statistics and were down-
loaded from https://www.bls.gov/lau/. Business establishments (i.e.,
physical locations where business activities are conducted) are taken
from the County Business Patterns and were downloaded from
https://www.census.gov/programs-surveys/cbp/data.html.

8. The Great Recession began in December 2007—that is, dur-
ing the 2007-2008 school year—and ended in June 2009—that is,
during the 2008-2009 school year (Source: National Bureau of
Economic Research: http://www.nber.org/cycles.html).

9. The causal mechanisms through which capital spending
affects student achievement is not definitively established. One
hypothesized mechanism is through its effects on student atten-
dance. See, for example, Lafortune and Schonholzer (2017),
Neilson and Zimmerman (2014) and Klopfer (2017).

10. Math and ELA achievement are regressed against county and
cohort fixed effects. We then take the residuals from these regres-
sions and calculate mean achievement, by year, for recession inten-
sity Quartiles 1 and 4 for cohorts with at least one year of school-age
exposure and cohorts with zero years of school-age exposure.

11. See Appendix B for a simple two-way DD framework which
motivates our preferred panel-based approach.

12. To generate these spending shock variables at the county
level, we first collapse district spending to the county level by cal-
culating the enrollment-weighted average per pupil spending among
districts in counties in years 2003—2003 to 2006-2007. We then gen-
erate county-level spending shocks for the A2004 to A2007 periods.

13. Given that the 2009 cohort was exposed for one school-
age year while the 2002-2008 cohorts were exposed for 2 years,
we also estimate effects based on any exposure (a dichotomous
measure of exposure) to recession-induced spending shocks. We
find that any exposure to school spending shocks was associated
with declines in student math and ELA achievement, on the order
of —0.044 and —0.046 standard deviations, respectively (Table 5,
Panel B, columns 2 and 4).

14. We scale the recessionary shift estimates in Table 5 (Panel
A) by the sample standard deviation of math and ELA achieve-
ment of 0.27 and 0.24, respectively, based on the analytic sample
(see Table 2). Estimates based on achievement scores that have
been standardized at the subject * grade * year level are nearly
identical to these scaled estimates (and are available on request).

15. The magnitude of the recession’s association with changes
to student achievement for students with any exposure to recession-
induced spending declines is —0.044 standard deviations in math
and —0.046 standard deviations for ELA (Table 5, Panel B). To cal-
culate the duration (¢) in years of the achievement gap following the
end of recession-induced shocks to spending (i.e., the years after
the 20092010 school year) and given the postrecession recovery
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in math and ELA achievement for students most adversely affected
Ag=4

AnyExposure

by the recession, we calculate the following: ¢ = o . For
8 nyLxposure
. (.044) "
math for cohorts with any exposure: ¢ = ( 013) = 3.4 years; for
, .046)
ELA for cohorts with any exposure: ¢ = ( 013) = 3.5 years.

16. Though, when separated by subject, the effects of spend-
ing declines were more than three times as large for math achieve-
ment than for ELA achievement. Jackson et al. (2018) also show
that reducing school spending by $1,000 per pupil per year reduces
math achievement among fourth-and eighth-grade students by 0.10
and 0.14 standard deviations, respectively.

17. We estimate that exposure to an annual decline of approxi-
mately $600 in per pupil spending is associated with a 0.10 stan-
dard deviation decline in student achievement.

18. We know of no empirical evidence for this hypothesis.
Furthermore, there is no data set that provides school-by-grade
information about resource allocations. For example, the CCD
does not report school spending or class sizes (i.e., teacher-student
ratios) by grade level to allow insight into time-varying changes in
grade-specific resource allocation.

19. See also Table 7 from Lafortune et al. (2018) and Table 7
from Jackson et al. (2018) who find that effects on achievement
from shocks to school spending resulting from school finance
reforms and the Great Recession, respectively, do not differ
between Grades 4 and 8. Though eighth-grade effects are larger
in Jackson et al. (2018), they are not statistically significantly dif-
ferent. These studies, too, are unable to disambiguate age-specific
effect size variation from unobserved variation in within-district/
cross-grade differences in resource allocations.
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