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1 Introduction

Education decisions increasingly depend on data, specifically achievement test data. These data
are collected at great cost—schools now spend as much as 18% of all student time on testing
or test preparation (DePaepe et al., 2015)—and inform a wide range of school decisions from
which students to give extra help to which teachers to hire or fire. Test data have also become the
lifeblood of education research, central to how we measure things like levels, trends, and inequality
in educational performance, or the effects of policies like school spending, class sizes, teachers,

teacher pay, charter schools, school choice, accountability systems, and much more.!

While in one sense these test data are widely used, in another sense most of the data are thrown
away. Each test contains dozens—sometimes hundreds—of individual items. But before those
data ever reach any principal, teacher, parent or researcher, the item-level structure of the data is
destroyed. What gets handed over instead is an aggregate measure like an average test score. Does
deleting all of this item-level data wind up throwing away useful information?

The answer is not obvious ex ante. The leading theories about educational measurement would
suggest that no useful information is lost. For example, the whole logic of item response theory
models (IRT), which inform the design and reporting of these achievement tests, is that each indi-
vidual test question captures a single underlying ability parameter (van der Linden, 2016). Is that
view correct in practice? Or are we missing out on valuable information collected at great cost? No
one knows, partly because the assumption that the aggregate measure is sufficient is so widespread
and deeply ingrained that the item-level data are almost never even made available.

In this paper, we examine what, if anything, is lost by drawing on a unique dataset of item-level
data from Texas. We have eight years’ worth of Texas data on nearly 5 million K-12 students
enrolled between 2012 and 2019. The data include 1.31 billion student-item responses together
with rich information on each student including demographics, which teacher each student had, and
outcomes like grade point average, school discipline, high school graduation, college attendance
and even adult earnings. From these data we derive three key findings.

We first examine the assumption that conditional on the test average or IRT parameter, there is no
extra information in the item-level data. We show this assumption is incorrect for both student and

"While these are obviously vast bodies of literature, examples of influential research on the quality of the overall

education system based on test data include, most famously, the Nation At Risk report (National Commission on
Excellence in Education, 1983) and subsequent studies of international test data, e.g. Woessmann (2016). Influ-
ential examples of studies of test score inequality include Coleman (1966); Fryer Jr and Levitt (2004); Heckman
and Krueger (2005); Jencks and Phillips (1998); Billings et al. (2014); Reardon (2018); Hashim et al. (2020). A
vast econometric literature looks at the effects on test scores of policies such as school spending (Hanushek, 1986;
Card and Payne, 2002; Jackson, 2020), class sizes (Hanushek, 1999; Angrist and Lavy, 1999; Krueger, 1999; Hoxby,
2000b), teachers (Kane and Staiger, 2008; Rothstein, 2010; Rockoff et al., 2011; Chetty et al., 2014b; Rothstein,
2017), teacher pay (Hanushek and Rivkin, 2006; Jacob, 2007; Barlevy and Neal, 2012), charter schools and school
choice (Hoxby, 2000a; Cullen et al., 2006; Abdulkadiroglu et al., 2011; Angrist et al., 2013; Dynarski et al., 2018;
Walters, 2018), and accountability policies (Dee and Jacob, 2011; Figlio and Loeb, 2011).



teacher performance measurement. For example, we rank-order teachers on their “value-added”
on an aggregate achievement measure, then compare that to teacher rankings of value-added on
individual test items. If a single ability measure captures all the information in the test, then the
rank-ordering of teachers by the aggregate versus individual items should be equal (up to statistical
noise). Yet the average rank correlation of the aggregate and item-level orderings is just 0.66. For
students, the corresponding average rank correlation is 0.75. We show that the deviation of these
correlation estimates from 1 is not simply an artifact of noise in the item-level data.

Notice an important implication of these findings. In education there is an implicit assumption of
“uniform dominance” that some students and teachers are uniformly better or worse than others.
Our findings suggest that this is the wrong model of the world. A more accurate model seems to
be “comparative advantage”: strong students and teachers still have areas where they can improve,
while weaker students and teachers have areas of strength to build upon.

Second, we ask what that extra information is relevant for. We show that the items contain informa-
tion about a wide range of decision-relevant student outcomes like class performance, suspensions,
high school graduation, college attendance, or adult earnings. For example, we demonstrate that
the item-level data help us better identify those teachers predicted to be in the bottom 5% of the
value-added distribution in terms of predicted future outcomes for their students (Hanushek, 2009;
Chetty et al., 2014b). We show that value-added measures based on aggregate data disagree with
the (more powerful) item-level predictions 51.6% of the time for class failure, 42.4% for disci-
plinary infractions, 44.9% for high school graduation, and 39.6% for college attendance. In other
words, an aggregator like the test score average or IRT parameter is not the optimal aggregator for
these outcomes.

But the real problem here is not that we have the wrong aggregator, but rather that we aggregate
at all. For example, if we take the optimal aggregator for high school graduation and the optimal
aggregator for college attendance, they do not uniformly agree with one another. That is, not only
do the individual test items contain useful “signal” for student outcomes, different items contain
different signals for different outcomes. This has implications for the economics literature on
“anchoring,” which solves the problem of comparing learning gains at different ages by linking
or anchoring test scores with some future outcome (Bond and Lang, 2018; Cunha and Heckman,
2008; Cunha et al., 2010; Nielsen, 2019). Our results imply the choice of specific outcome on
which to anchor is not innocuous. More importantly still, our findings also imply that education
practice cannot avoid wrestling with normative judgments about education’s goals.

Third, we show that there are practical benefits from working with item-level data. Many education
decisions hinge on predictions of future student outcomes, and so are examples of “prediction
policy problems” (Kleinberg et al., 2015, 2018; Rambachan, 2024). That means anything that
improves the prediction of future outcomes can improve decision quality. Framed that way, no one
could possibly argue that the best way to predict future outcomes is to rely on the aggregate test
score and throw away all the information from the high-dimensional item-level data.
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Can these predictions actually be used in practice? Notice a key challenge: Items on a given test
change year-to-year. So a predictor formed on historical test data can’t be applied to future years
with new questions. Solving this problem requires connecting questions from past exams to new
unseen questions. While that could best be done with natural language processing, we demonstrate
here that even categorizations that do not use text can already yield value. To link “like” questions
across years we offer a “proof-of-concept” implementation that creates item categories based on
how the categories differentiate teachers with respect to their patterns of comparative advantage.
We do not claim this is the optimal categorization; to the extent to which this is not optimal, we
understate the gains from using item-level data. We show that, relative to identifying the bottom
5% of teachers in the distribution of graduation value-added based on aggregate scores, using
item-categories increases the impact of the policy on student outcomes by 21%.

What is particularly striking about these potential gains is the low cost at which they can be derived.
The marginal costs of storing, transmitting, and analyzing data at the item level rather than the
aggregate level are trivial, both absolutely and certainly as a share of education spending. We
show that the gain from switching the basis of education decisions from aggregate test scores to
test items yields an infinite marginal value of public funds (Hendren and Sprung-Keyser, 2020)
even under quite pessimistic assumptions about cost.

The results we present here demonstrate empirically that the current way we use test information
gives us a distorted view of what is happening. We are throwing away useful information that
could help us both create a better educational system and do better research on that system. We
need, in other words, a new paradigm for using test information.

2 Related Literature

Our paper builds on the large psychometric literature on educational testing and how to interpret
the results of these tests.”> With the rise of standardized testing in the early 20th century, researchers
were confronted with a variety of challenges relating to how to interpret their results. For example,
how should researchers equate student performance across tests comprised of different test items?
Item response theory (IRT) helped solve this problem by viewing each item as a window into some
single latent student ability, where test items may differ in how much information they convey
about that underlying ability.

The assumption of a single latent student ability has since been relaxed by multidimensional item
response theory (MIRT) (Reckase, 1985; van der Linden, 2016). Once multiple factors are allowed,
however, the natural question becomes how to group items into factors. MIRT models form these
groupings statistically, aiming to explain variation across test items. But the goal of education is

2For overviews see, for example, Hambleton et al. (1991), van der Linden and Hambleton (1997), van der Linden
(2016), and de Ayala (2009). For recent psychometric work connecting test items to treatment effect heterogeneity,
see Gilbert et al. (2024, 2025) and Ahmed et al. (2024).



not to explain variation across test items, it is to improve student learning and life outcomes. That
requires making decisions that affect these outcomes. The factors that best explain item variation
(the focus of MIRT) need not be those that are most relevant for these decision-relevant outcomes.
This may help explain MIRT’s limited use in practice.

Economists have thought about connecting test scores to student outcomes in the context of solving
a different specific problem: the concept that test scores aim to measure, ‘“knowledge,” has no
natural scale (unlike earnings, mortality rates, widget production, etc.). Consequently, test scores
are typically reported on ordinal scales (i.e., rank-ordering). The only way to interpret a “unit”
difference in test scores is to adopt some measurement model. Research shows that key conclusions
about these magnitude questions—Ilike whether the Black—White test score gap widens or narrows
as students move through school, the extent of dynamic complementarity, or whether intervention
effects persist or fade—can be highly sensitive to the choice of measurement model and scaling
method (Bond and Lang, 2013; Cascio and Staiger, 2012; Nielsen, 2019; Agostinelli and Wiswall,
2025).

In response, economists have “anchored” test scores to some economically relevant future out-
come; that is, anchoring rescales test scores based on their predictive relationship to the outcome.
This allows researchers to interpret test score intervals with respect to differences in the anchoring
measure, such as educational attainment (Bond and Lang, 2018) or earnings (Cunha and Heckman,
2008; Cunha et al., 2010). But this anchoring approach still assumes that students with the same
score possess the same ability—even if they reached that score through different item-response
patterns. That is, the anchoring approach still assumes that a single summary measure of student
performance captures all the relevant information contained in the test.

A few previous papers have implicitly or explicitly questioned the idea that standardized tests
capture only a single latent student ability. For instance, Bettinger et al. (2013) find that scores
on the Math and English components of the ACT better predict college success than do scores on
the Reading and Science components. The implication is that predicting college success using an
overall ACT score would throw away information compared to relying on subject-specific ACT
results, although our results suggest that even relying on subject-specific tests throws away a great
deal of information contained in the items within each test. Ding et al. (2023) investigate the
gender gap in science and show that even the sign of the gap depends on the domain of scientific
intelligence being assessed: girls outperform boys at identifying scientific issues but under-perform
in incorporating existing knowledge in new situations.

Most similar to our own work is Nielsen (2019), who, like us, also notes that the test items that
get the most weight in psychometric models need not be those that are most relevant for decision-
relevant criteria such as medium- or long-term student outcomes. The primary focus of his analysis
is to show how weighting items differently according to their relationship to different long-term
outcomes yields even larger estimated achievement gaps by race, gender, and income. Our study
complements his in that our main focus is instead on formalizing and testing the assumptions be-
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hind the current approach to test-score aggregation, and on empirically demonstrating that feasible
approaches to making greater use of the item-level data can improve concrete educational deci-
sions.

Within education, our work also adds to a recent literature that applies machine learning methods
to non-traditional (often high-dimensional) data to measure complex educational concepts.® We
are aware of four papers in this literature that, like ours, apply modern machine learning methods to
high dimensional data sources. Adukia et al. (2023) applies machine vision to children’s books to
measure stereotypes, while Adukia and Harrison (2025) examine the similarities and differences in
curricula across state public school systems and between public and private schools. Biasi and Ma
(2022) apply natural language processing (NLP) techniques to course syllabi to measure frontier
learning in higher education. Lee and Schaelling (2024) use NLP methods to measure bias in
reading passages embedded in standardized test questions.

Finally, our study relates to a growing body of work on so-called “prediction policy problems”
(Kleinberg et al., 2015; Mullainathan, 2025), which focus on decisions that hinge on a prediction
of some outcome. For example, judges decide whether to release people awaiting trial based on
predicted flight or re-arrest risk (Kleinberg et al., 2018; Rambachan, 2024), HR managers hire
based on predicted worker productivity (Li et al., 2025), guidance counselors recommend college
courses based on predicted student performance (Bergman et al., 2021), social workers investigate
child abuse claims based on predicted allegation veracity (Chouldechova et al., 2018; Grimon and
Mills, 2025), tax authorities audit returns based on predicted fraud (Battaglini et al., 2025), while
lenders give credit based on predicted default risk (Blattner and Nelson, 2021; Rambachan et al.,
2022). We argue that education decisions frequently share this same structure, which requires
changing how we think about the use of testing data.

3 Conceptual Framework

Schools spend a great deal of time both deciding what information to collect and then actually
collecting it. What students should know has been a flashpoint in education policy debates for
decades: the so-called “curriculum wars” (Loveless, 2014). Schools then devote vast resources
to measuring student progress toward those goals; in some districts, as much as one of every five
student hours in school is used for testing or test prep (DePaepe et al., 2015). All that information
is then collapsed into a single number. What does that aggregation assume, and what might be
missed?

Let d;, indicate whether student ¢ answered question ¢ correctly. Let the vector of student responses

3There is also a literature that uses educational data besides test scores to measure different educationally relevant con-
cepts. For example, Brown et al. (2025) and Jackson et al. (2020) use survey instruments to measure concepts such as
cognitive endurance and socioemotional development. Similarly, Jackson (2018) uses non-traditional administrative
data such as suspensions and grade progression to develop novel measures of non-cognitive skill.



on a given test (17') be D; = {diq}qu.4 However, that vector of individual item-level responses
is rarely provided to key decision-makers such as teachers, school administrators, parents, and
students. What these stakeholders typically get instead is the output of some aggregator; see, for
example, Figure 1, which shows a sample report for the state from which our own dataset is drawn
(Texas). We define an aggregator as a mapping from student item-level responses to a scalar:

[Figure 1 about here.]
Common aggregators used for educational policy include:

e The simple averaging aggregator: a(D;) = D; = |T|7' Y, - di,-

qeT

o The percentile rank aggregator: a(D;) = F(D;) and where D; ~ F.

* The three parameter IRT aggregator: a(D;) = argming — [ or P,(0)%(1 — P,(6))'~%a,
where P(d, = 1|0) = P,(0) = ¢, + %, so that # denotes the uni-dimensional
latent ability of the student, and (¢,, b,) are question-level psychometric parameters typically

identified during question development and testing.’

The key feature of these approaches is the assumption that all relevant information in the vector
of item-level data about how students, teachers, or schools are doing can be captured by a single
scalar. The other key feature of these aggregators is that the choice of that scalar is based purely
on statistical considerations. For example, IRT models are designed with the statistical goal of
explaining as much variation in the item-level data as possible (van der Linden, 2016).

But the only people who care intrinsically about statistics are statisticians. Everyone else—
educators, parents, students, and education economists—care about decisions. Which students
should pass a class and advance to the next grade or receive a high school diploma?® Which stu-
dents should be prioritized for academic remediation efforts like summer school (Jacob and Lef-
gren, 2004) or high-dosage tutoring (Guryan et al., 2023; Bhatt et al., 2024; Nickow et al., 2024)?
Which teachers should be paid more, retained, or promoted (Kane and Staiger, 2008; Chetty et
al., 2014b; Hanushek et al., 2023; Bleiberg et al., 2025)? Which schools are worth attending, or
should be put under new management (Kane and Staiger, 2002; Abdulkadiroglu et al., 2011; Dem-

4This definition is without loss of generality since we can redefine the notion of a question to encompass other relevant
features of the items. For example, if we want to leverage information about what specific “incorrect” answer a
student gave, we could define binary variables with a question index at the item-by-response level (e.g., 1A, 1B, 1C,
1D, 2A, 2B, ...). Similarly, we could add a time dimension to the model by redefining the question index to be a
question number-by-year combination.

3As noted above, there is a small literature on multiple IRT (MIRT) models in education, which assume multiple
abilities rather than a single ability; however, these models are rarely, if ever, used in practice by school systems in
the US.

®For examples of policies in Texas that condition grade promotion or diploma receipt on some achievement
measure, see: https://tea.texas.gov/student-assessment/testing/student—-assessment—
overview/texas—assessment-program-faqgqs-04.04.18.pdf.
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ing, 2014; Angrist et al., 2017)? Which high school graduates should be admitted to which college
(Hoxby and Avery, 2012; Arcidiacono and Lovenheim, 2016)?

Note that these decisions share a common structure: Someone confronts some choice variable X,
made on the basis of some observable feature Y, chosen to maximize some objective function
m = 7(X,Y). Each decision is thus represented by the triplet:

D= (mY, X). (2)

A major challenge in maximizing welfare is that, in practice, Y is either unknown when the de-
cision is made or only imperfectly observed. What trajectory is a student on in terms of their
learning or life more generally (high school graduation, college, future livelihood)? How effective
is a given teacher or school? In those cases, the decision-maker’s task reduces to a “prediction
problem” (Kleinberg et al., 2015): What is the best way to use currently observable student data,
such as test performance (D), to predict the outcome of interest (Y') that determines the welfare
impact of the decision (X)? These decisions involve assigning students, teachers, schools, or even
entire school systems to some intervention based on some rank-ordering of the expected Y value,
with g—;g—}; = (, distinct from decisions that hinge on a causal rather than predictive inference,
where g—;% # 0.

We can now state more precisely our motivating question: what costs arise from the hidden aggre-
gation of information? By this we mean: What happens to decision quality when we base some
decision-relevant prediction not on the full vector of each student’s item-by-item test performance,

D, but rather on the output of some aggregator, a?

Call an aggregator a*() optimal for decision D if predictions of Y using a* minimize welfare loss
relative to the ideal policy chosen when Y is perfectly observed or predicted.” For simplicity, we
restrict our attention to the class of welfare functions that imply mean squared loss with respect to
prediction errors.

What assumption does aggregating student achievement make, even if this assumption is usu-
ally made only implicitly? Suppose that student ¢’s performance on question ¢ follows a single
threshold-crossing model:

dig = 1(@19@' > eiq) 3)

where 0; = {0;,} is a vector of latent skills s, 5, = {3,s} describes the sensitivity of question ¢ to
skill s, and ¢;, ~ U(0, 1) is normalized to be a uniformly distributed performance error. Clearly,
when dim(f) = 1, so that learning is uni-dimensional, it is possible to aggregate without losing

"Note that, because test questions are not repeated year-over-year, some form of aggregation is unavoidable. Other-
wise, there is no way to apply relationships learned from data where Y is available (e.g., cohorts of students who have
already graduated high school) in order to make decisions for samples where it is unknown or imperfectly observed
(e.g., cohorts of students who have not yet graduated from high school). We return to this point in Section 7.
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consequential information about student achievement. That is, predicting Y using a* should be no
worse than predicting Y with the item-level vector of student responses, D. But what happens if ¢
is multi-dimensional? The following proposition clarifies the conditions under which it is sensible
to aggregate test score data into a single measure of student achievement intended to serve as an
input for multiple decisions.

Proposition 1: The following statements are equivalent.
1. Single latent factor model: Vs # s’ and Vq we have that 3,, = 0.
2. Single optimal aggregator: Ja* that is optimal for every D.

Proof: See Appendix B.

Intuitively, Proposition 1 says that the decision by policymakers to rely on a single aggregation
of the item-level data is, in the best-case scenario, equivalent to assuming that the systematic
component of student test performance is uni-dimensional. Therefore, if the existing aggregation
method is optimal for all of the real-world decisions in which it currently serves as a critical input,
then all remaining variation should just be noise around the corresponding conditional mean. This
proposition is illustrated intuitively in Figure 2.

[Figure 2 about here.]

Whether the existing aggregator is optimal for every decision, or whether an aggregator that is
optimal for every decision exists at all, is ultimately an empirical question. In the sections that
follow, we explore the implications of relying on a single aggregator for understanding student
achievement and teacher value-added, and the potential downstream effects for decisions that use
test score data as a critical input.

4 Data and summary statistics

We draw on administrative data from the Texas Education Agency (TEA) that cover all public-
school students enrolled in the state of Texas for the time period 2011-12 through 2018-19. The
dataset includes detailed demographic information about students, including student demograph-
ics, test score data that includes item-level responses, medium- and longer-term student outcomes,
and information about which students had the same teacher.

The student demographic information includes ethnicity (six ethnic groups), economically disad-
vantaged status (four groups),® gender, limited English status (three groups),’ special education

8These groups are: not disadvantaged, free lunch eligible, reduced-price lunch eligible, and ‘other economic disad-
vantaged,” which are students determined to be economically disadvantaged through means other than the National
School Lunch Program, such as: being from a family with income below the federal poverty line, Temporary Assis-
tance to Needy Families eligibility, or Food Stamps eligibility.

These groups are: current, former, and never.



status, and gifted status. Demographic coverage is nearly universal, with missing data for less
than 0.1 percent of observations. (We use missing data categories to deal with the limited missing
demographic data.)

The data allow student-teacher linkages, but do not include either teacher identifying information
or much information about the characteristics of these teachers. Nonetheless, knowing which
students had the same teacher for the same subject in the same year lets us calculate teacher value-
added estimates of the sort that are increasingly used in education policy decisions and education
research (Kane and Staiger, 2008; Chetty et al., 2014a; Koedel and Rockoff, 2015).

The dataset also includes results for the State of Texas Assessments of Academic Readiness
(STAAR), which are designed to “measure the extent to which a student has learned and is able
to apply the defined knowledge and skills in the Texas Essential Knowledge and Skills (TEKS) at
each tested grade, subject, and course.”!? We focus on the STAAR tests for math and reading for
students enrolled in grades 3-8, so our sample consists of students who are enrolled in one of those
grades for at least part of our study period. We focus on the standard version of the state test,!! a
multiple-choice test with four response options for each test item.

* Math tests typically contain 46-56 items (reduced to 32-42 items starting in 2016-17).
* Reading tests contain 42-52 items (reduced to 34-44 starting in 2016-17).!2

Our item-level data record the exact answer the student gave to each question (e.g., answer “B”
was given for question 1) or if the student did not answer the question.'®> Our analysis period starts
in 2011-12 because that is the first year the item-level test data are available.

Our data can also be matched to several relevant medium- and long-run outcomes such as class-
room academic performance (e.g. class failure), disciplinary infractions, high school graduation,
college attendance, and, for a single cohort of 8th graders, earnings. High-school graduation data
are recorded directly by the Texas Education Agency (TEA), while college records come from link-
ing students in the TEA data to administrative records from the National Student Clearinghouse,
which captures enrollment at the near-universe of colleges in the country.'* These long-run data
only cover earlier cohorts, since later cohorts have yet to reach the required age to achieve that out-
come (e.g., third grade students in 2018-19 have not yet graduated). As our long-run outcome data

Opttps://tea.texas.gov/student-assessment/staar.

'We therefore exclude alternative versions of the STAAR including STAAR Spanish, STAAR Modified, and STAAR
Alternate which are designed for English Learners or students receiving special education services.

12The question range in both the math and reading tests is due to the fact two additional test items are added each
grade. Therefore in 2016-17 the third-grade math test had 32 items, the fourth-grade math test had 34 items, etc.

3Except years 2011-12 (math and reading) and 2014-15 (math only) where the data only record whether the student
provided the correct answer or did not answer the question.

4Unfortunately, our data from the National Student Clearinghouse only cover up to 2019. We therefore use data from
the Texas Higher Education Coordinating Board to obtain college enrollment outcomes up to 2021. The drawback
of these data are that they only contain in-state college enrollment. Fortunately, we expect the impact of this data
limitation to be negligible since Texas has fairly limited out migration of college students in practice: only 3.7
percent of students from Texas enroll in an out-of-state college (Mountjoy, 2022).
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cover up to 2021, we restrict high school graduation to students entering third grade in 2011-12 or
before, and college-going to students entering fourth grade in 2011-12 or before. '

For our first cohort of 8th graders, we can also match these students to earnings data from the
state unemployment insurance system.!® This captures earnings in Ul-covered jobs 5 years after
high-school graduation.!’

Table 1 provides summary statistics for our dataset. Column (1) does so for all students enrolled
in grades 3-8 during our study period (4.91 million total), while column (2) restricts to the 4.65
million test-takers with valid test scores.'® We are able to link a total of 3.65 million students to
information about what teacher they had along with the lagged test score necessary to calculate a
teacher value-added measure; this sample is shown in column (3).!

Texas public schools are majority Hispanic (51.8%), with white and Black students making up
29.5% and 12.7% of the student body, respectively. 60.7% of students are categorized as econom-
ically disadvantaged. Comparing columns (1) with (2) and (3), we see that the overall student
population is generally similar to our two analysis samples. Our samples are slightly less likely to
be limited English proficient or receive special education services, because a substantial portion of
both groups take alternative assessments rather than the tests we examine here.

The top panel shows data for the 1.31 billion student-item-level observations we have; students
on average get 61.6% of math items correct and 66.5% of items right for English Language Arts
(ELA) (column 2). The figures are similar for the sub-sample we can link to teachers.

[Table 1 about here.]

SFor example, if third-grade cohorts from 2011-12 or before are covered, then the linkage will include: third-grade
students in 2011-12 only, fourth-grade students up to 2012-13, fifth-grade students up to 2013-14, sixth grade stu-
dents up to 2014-15, seventh-grade students up to 2015-16, and eighth-grade students up to 2016-17.

®Earnings records are linked to the education data by the Texas Education Agency. Given the overall low levels
of out-migration in Texas, we expect this variable to capture labor force outcomes for the majority of our sample
(Mountjoy, 2022).

17 Around 90% of US workers are in jobs covered by Ul; see fredblog.stlouisfed.org/2023/12/the-
insured-unemployment-rate. For a discussion of which jobs are eligible for Ul coverage see: oui.
doleta.gov/unemploy/pdf/uilawcompar/2023/complete.pdf.

18The test-taking sample requires valid tests in both math and reading. We define a valid test as a standard STAAR
test that does not contain missing answers for all questions.

90ur value-added sample requires valid lagged test scores, which necessitates: (i) dropping third grade from the sam-
ple (roughly 2.5 million student-year observations), and dropping an additional 0.5 million student-year observations
lacking valid lagged test scores. We also must be able to uniquely match students to their teachers, eliminating 2.7
million student-year observations for which we cannot create a unique match. We match students to both their math
and reading teachers, so this match varies slightly by subject. Column (3) of Table 1 reports the value-added sample
for the math sample. We also drop roughly thirty-thousand student-year observations where the class size is below
five or above two-hundred.
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S5 Is academic “ability” really uni-dimensional?

Does hidden aggregation destroy information in a way that degrades decision quality? Our first
step is to ask: Are the data consistent with the idea that a single parameter can adequately capture
all the information that exists in the item-level test data? The answer is no.

We start off by examining student performance on different sub-categories of test items. The
“single ability” model implies that students who are particularly good on one sub-category of test
item should be particularly good on every other sub-category as well, since they all reflect the
same underlying latent construct. But that is not what we see; students have different strengths and
weaknesses. We then show that the same thing is true for teachers with respect to their value-added
to student learning. In fact, aggregation winds up destroying most of the predictable variation
connected to teacher performance.

5.1 Student performance

The single latent factor model implies that any variation that remains after conditioning on “the”
measure of ability (average performance, 6, etc.) must be noise. To see why, observe that equation
3 implies that we can write the probability of correctly answering item ¢ as:

Dig = Bq 91 (4)

Equation 4 shows that, if the single-latent-factor model holds, then there are only two systematic
sources of variation in the item-level data: uni-dimensional student ability (¢;) and question diffi-
culty (5,). In expectation, student performance will therefore be identical for all test items after
conditioning on question difficulty.

This is a testable prediction. Intuitively, we would like to regress student-by-item-level response
data on question fixed-effects, to control for item difficulty, and student-by-item fixed effects,
to capture the possibility that student ability differs across different test items. Estimating the
equation in this exact form is infeasible, however, because students answer each item only once on
a given test, so student-by-item interaction terms are not identified.

However, we can test a closely-related implication of the single-latent-factor model: if expected
student performance is identical on each and every item after conditioning on item difficulty, it
follows immediately that student 7’s performance should also be identical on every subset of the
test after conditioning on item difficulty. We explore this implication empirically by estimating
fixed-effect regressions of the following form:

diq = Wy + Yic(q) + Uiq (5)

Where w, is a question fixed effect; ¢(q) is a function that maps questions into mutually exclusive
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subsets of items that we will call categories; and 7;.(q) is a student-by-category fixed effect. The
parameters of interest from model 5 are the student-by-category interactions (7;c(q)). The ques-
tion fixed effect (w,) will fully account for variation in performance due to question difficulty
(see equation 4). Our preferred model uses a k-means clustering algorithm to create a data-driven
categorization of the items (Hastie et al., 2009); however, we find similar results using the catego-
rizations provided by the test maker, or under an alternative categorization that uses patterns across
teachers in their comparative advantage in teaching different types of material (see appendix A.l
for more detail on the clustering algorithm and these various robustness checks).

We view these estimates as likely reflecting a lower bound on the hidden structure for students. Our
student-by-category fixed effects will still miss systematic variation if there is: (1) a one-to-many
mapping between items and ability; (2) more dimensions of student ability than categories;?® and/or
(3) an imperfect correspondence between our categories and the actual dimensions of learning.
However, to the extent that these sources of mis-specification are a problem, they work in the
direction of leading us to understate how much additional information there is in the disaggregated
test-score data relative to the usual aggregate measures (test average, theta, etc.).

Figure 3 reveals systematic variation in the student-by-category fixed effects, by showing how
students swap ranks in the distribution of performance across test-item categories. The column
furthest to the left shows a rank-ordering of students created using their average performance across
all questions.?! The remaining columns along the X-axis represent performance within each test
item category (that is, alternative rankings created using the student-by-category fixed effects). The
Y-axis denotes a student’s rank in the distribution of ;) within that category. To visualize the
degree to which students are ranked similarly for each test category as for the overall test average,
we color-code each student based on their rank in the overall test-score distribution (from the left-
most column), and then for each test-item category we rank them in that specific distribution but
preserve their overall test-rank color-coding.??

If a single latent ability best explained student performance on academic achievement tests, we
would expect to see the same rank-ordering of students on each sub-category of the test as we
observe using the overall average test performance (up to noise in the data). Visually, this would
result in each vertical bar in figure 3 having an identical color gradient, since each color-coded
rank-ordering would be the same for the overall average test performance and performance on
each sub-test category.

20We chose the number of categories for our data driven method to align with the number of official content categories
provided by the state of Texas; however, we find similar results if we use the state content categories or alternative
clustering algorithms (see appendix figure A.1).

2'We measure this by estimating model 5 while imposing that student effects are homogenous across items: 7; =
Vie(q) Vq> Which is equivalent to de-meaned average performance: 71! Yordig — d.

2280 for example a student who scores well on the test average will be coded as blue and plotted towards the top of
the left-most column in the figure; if they perform badly in the first sub-category of test items shown in the second
column, they will be plotted towards the bottom of that column but will stay color-coded as blue (reflecting their
average test score performance).
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Instead, we see a great deal of “rank-swapping,” denoted visually by a mixing of colors across
columns. That is, the students who are relatively strongest on average (those ranked at the top
of the graph according to the left-most column for average performance) are relatively weak on a
number of test sub-categories, while students who are relatively weak on average (ranked at the
bottom of the left-most column for average performance) often have sub-categories where they
show signs of strength. The results in the figure are for a 1% sample of randomly selected students
that were in grade 4 in year 2016; however, we find similar patterns for other grades and years (see
table 2 for a comprehensive summary of information loss in each grade and year).

[Figure 3 about here.]

Taking the results across all of the test sub-categories, the average rank correlation of student
performance on a given test sub-category with the overall average test performance is 0.75 (min =
0.34, max = 0.92 — see Appendix Figure A.5 for the full distribution). These results suggest there
is additional structure in the items that is hidden by aggregating.

This variability in ranking across categories is not simply due to sampling variation. To show
this, we carry out a placebo study. Panel (b) of figure 3 presents results from a simulation of the
expected amount of rank-swapping under the single-latent-factor null, with the distributions of
noise and student performance calibrated to match the relevant moments of our data.”> We find
that some rank-swapping is expected purely as a result of sampling variation; however, the visual
benchmark in panel (b) exhibits substantially less mixing than the actual data, which suggests that
chance alone cannot account for these results.

These results leave unanswered whether this hidden structure represents a large versus small share
of the overall information about student performance that is contained in the test. Exactly how
much systematic variation do we lose by ignoring the item-level structure? Estimating the amount
of “information loss™ also lets us formally calculate a statistical test for the degree to which noise
explains our results.

Observe that we can define the total amount of predictable variation (up to the need for catego-
rization) in the test as var(v;.). Aggregation destroys information by eliminating the category-by-
category variation around some estimated mean student effect. Thus, the “predictable variation
lost” is given by: var(v;. — i), where v; = |T'| 7! quT Yie(q) OF, equivalently, the coefficient from
model (5) after imposing the appropriate linear restriction (vy;. = 7y; Vq). Thus, we quantify infor-
mation loss as the share of all predictable variation that is missing due to implicitly (or explicitly)
assuming ability is uni-dimensional when aggregating:

Predictable variation around the mean  var (Vi — ;)

. 6)

Infi tion | %) = =
nformation loss (%) Total predictable variation var(Yie)

2To be precise, we assume each student’s performance for a given category is equal to their average score, and then
we add noise to each category score where the noise distribution is assumed to be normal and with variance equal to
the level of noise implied by the category-level standard errors. See appendix A.2
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In practice, we estimate the numerator and denominator necessary to construct the information
loss metric using a simple variance decomposition of the raw item data (see appendix A.3 for more
detail).

To account for sampling variation, we also report F-statistics and P-values from a formal test of
the null that there is no information loss (equivalently, that there is a single latent factor). To
see how we construct the test statistic, observe that estimating the student-level average score is
equivalent to imposing a linear restriction (7, = 7; Vc) on equation (5). Thus, testing a null of no
information loss is equivalent to a simple test of nested linear models (Wooldridge, 2010).%*

The results of these calculations for students are contained in Table 2. Each row denotes a separate
grade of enrollment. The first four columns denote AY 2016-2019, while the fifth column (labeled
16-19) summarizes average information loss over all years within a given grade.

[Table 2 about here.]

We find that an average of 14.8% (ranging from 9-20% depending on the particular year and grade
level) of the available information about students is lost. The p-values from the joint F-test confirm
that these results are inconsistent with finite sample noise or over-fitting as sufficient explanations
for the patterns we see in the data.

Note that we directly account for the potential of over-fitting in finite samples with the high-
dimensional fixed-effect model (equation 5) used in the variance decomposition that generates the
information loss metric. First, we note that the estimates of mean squared error used in the variance
decomposition to calculate information loss apply the standard degrees-of-freedom correction, a
procedure that yields unbiased estimates of residual variance (see appendix A.3). Second, we note
that the test statistic we deploy to directly test the null of no information loss is not sensitive to the
number of model parameters being estimated (Wooldridge, 2010).

These point estimates are almost surely a lower-bound estimate for the share of student information
destroyed. The reason (as discussed above) is that for our analysis of student performance we are
forced to rely on an imperfect categorization of test items, rather than being able to directly estimate
the probability each student has of correctly answering each item. Thus, we will mechanically
understate the magnitude of the loss if, for example, there are questions that test multiple skills.
Consistent with this hypothesis, we will show next that for teachers, where we can identify actual
teacher-by-item fixed effects, we see much greater information loss.

5.2 Teacher performance

We showed above that for the analysis of student test data, the single-latent-factor model implies
that any variation that remains after conditioning on “the” measure of ability (average performance,

Bp = W where SSR, and SSR, are the restricted and unrestricted sum of square errors, m is the

number of restrictions, k is the number of parameters, and n is the number of observations.
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6, etc.) must be noise. For teachers, equation 4 has a similar implication.

To see why, decompose student ability as: ¢; = 0;, + d;;) + 1;, where 0;; is the student’s ability at
baseline; j(7) is an index that denotes the teacher j = j(i) assigned to student i for the academic
year preceding the test; d;(;) is the component of ability growth explained by teacher j; and ) is
mean zero, idiosyncratic growth in student ability. Thus, under the null of the single-latent-factor
model, we can write down a corresponding decomposition of the systematic component of student
performance on item q as:

Piq = Bq(0iy + 0j(i) + i) = Paip + Pgji) + Uqgi (7

where p,;, = 3,0;, is the likelihood that student < would answer question g correctly at baseline;
Pqj(i) = Bqdj() is the component of growth in performance on item ¢ explained by teacher j; and
u;q 1s residual growth in the likelihood of answering question ¢ correctly that is not otherwise
predicted by teacher assignment.

Equation 7 reveals that, as with students, the single-latent-factor model of decision making implies
that the component of growth predicted by teachers (5,0;(;)) should be identical (in expectation)
for each and every item after conditioning on question difficulty. For teachers we can test this
implication empirically by estimating teacher value-added-style fixed effect models analogous to
equation 7:

dz’q = Wy + 5j(i)q + 7TXZ' + Usq (8)

where wj is a question fixed effect; §;(;), is a teacher-by-question fixed effect; and X; are student-
level controls. The parameters of interest are the teacher-by-item interaction terms (d;(;),). The
vector of controls (X;) will always contain an average score from the prior year’s test and hence
account for baseline student ability.25 In addition, our baseline model also includes the “‘standard”
vector of teacher value-add controls that have been shown to generate unbiased or nearly unbiased
estimates of the causal effect of teacher j on test scores (Chetty et al., 2014a; Koedel and Rockoff,
2015; Bacher-Hicks et al., 2019).%® At the same time, we note that our test of the single-latent-
factor model does not require that our teacher value-added estimates are causal. Our view is
that these teacher value-added models are so widely used for education decision-making that it is
important to explore the information that might be missed by hidden aggregation regardless of the
claim of the value-added approach to causality.

20Observe that, under the single-latent-factor model, the average of last year’s items is simply 30;, and hence, up to a
normalization, is equivalent to baseline student ability. To conform with prior literature on teacher value-added, our
estimating equation includes lagged average scores, although our results are robust to including question-by-lagged
score interactions as would be implied by equation 7 (see appendix A.4 for more detail).

26See appendix A.5 for the precise list of controls.
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We account for the classroom-shock component of teacher value-added variance by adapting the
jackknife empirical-Bayes procedure from Chetty et al. (2014a) to the item level (see appendix
A.6). However, we find similar results when directly examining the fixed effects from equation
8 (see appendix A.4). As is typical when estimating teacher value-add, we test our estimates for
forecast bias. We find that our procedure yields item-level teacher value-add estimates that are
nearly forecast unbiased for teacher-by-year item-level growth.?” See appendix A.6 for details
regarding implementation of the empirical-Bayes procedure.

Figure 4 has the same structure as our previous figure for students, where we rank-order teachers
based on their value-added on average test scores (which is 4th grade math in the figure), and
assign them a color for that ranking (first column), then show where those teachers fall in the
ranking for each individual math test item in subsequent columns — that is, teacher rank on the
relevant teacher-by-question interaction (5]-(2-),1).28 We plot results for all 2,280 teachers that taught
grade 4 in year 2016 and that met our estimation criteria; however, as with the student level analysis
from the preceding section, we find similar patterns for other grades and years (see table 3 for a
comprehensive summary of the patterns of information loss).

[Figure 4 about here.]

Visually, we can see signs of even more rank-swapping across test components for teacher per-
formance compared to what we saw for student performance in the previous sub-section. Across
all items, the rank correlation between teacher value-added on the average score versus the item
level measure averages 0.66 (min = 0.17, max = 0.86 — see Appendix Figure A.5 for the full dis-
tribution), once again suggesting that the average score is insufficient for characterizing any of the
underlying patterns that determine average teacher performance. These results suggest that there
are teachers at the bottom of the overall distribution that exhibit areas of real strength that could be
cultivated and leveraged. There are also teachers with excellent overall value-added who exhibit
areas of real weakness that could, potentially, be improved if teachers were provided constructive
feedback in their deficient areas. However, all of that information is lost when we focus on the
average alone.

As with the student results, we address the potential for noise to generate rank-swapping with a
placebo study. Panel (b) shows the amount of rank swapping we would expect to see due to noise
alone.? The visualization strongly suggests that the results in Panel (a) are not simply a product

20ur item level forecast-bias coefficient is 0.939. While this statistically differs from one — which would indicate
forecast unbiasedness — we suspect that this is driven by the fact we only allow one year of drift since only three
years of data are used to estimate teacher-by-item VA for computational tractability (see appendix A.6). Indeed, our
estimate lies between models with and without drift: Chetty et al. (2014a) allows for seven years of drift and finds a
forecast coefficient of 0.998, while a prior version which did not incorporate drift obtained a forecast coefficient of
0.861 (Chetty et al., 2011).

28We measure teacher value-add on average scores by estimating model 8 while imposing that the component of growth
predicted by teachers is homogeneous across items: §;(i) = 0;(;qVg. Up to a normalization, this is numerically
equivalent to estimating teacher value-add on average scores (see appendix A.7 for more mathematical detail).

2More precisely, panel (b) of figure 4 presents results from a simulation of the expected amount of mixing under the
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of sampling variability. (As with our results for students, we formalize this with a statistical test
when computing summary measures of “information loss.”)*

Table 3 presents results that quantify the share of predictable variation lost for each year and
grade in our data. These results are analogous to those presented for students in table 2.3! As
with the results for students, we account for sampling variation by reporting F-statistics and P-
values from a formal test of the null that there is no information loss (equivalently, that there is a

single latent factor).*

We note here that we perform the relevant residual variance decompositions
necessary to generate the estimates in table 3 using jack-knife, leave-year-out estimates of item-
level teacher value-add (see appendix A.6). Thus, for teachers, the estimates in this table are

effectively generated out of sample and therefore not subject to over-fitting.
[Table 3 about here.]

For teachers, we find that a majority of the available information about teacher performance is lost
as a result of aggregation, with the point estimates suggesting that the scale of information loss
averages 65.6% (ranging from 58-74% depending on the particular year and grade level). This
suggests that the decision to focus on average scores for the purpose of evaluating and providing
feedback to teachers effectively ignores most of what teachers actually do to generate student
growth in learning. The implication is that there would seem to be scope for using item-level
data to provide more helpful feedback to teachers and students, for rethinking the ways we allocate
teachers and students to classrooms, and making all manner of other important education decisions.
We explore these possibilities further in the sections that follow.

6 Is the Discarded Information Meaningful?

We have shown that there is additional information in the item-level data even conditional on a
single summary measure of student ability or academic performance. Is that extra information
meaningful? That question itself raises a different issue: Meaningful for what? We answer this

single latent-factor null with distributions of noise and teacher value-added calibrated to match the relevant moments
of our data. To be precise, we assume each teacher’s item level value-add is equal to their average value-add, and
then we add noise to each item value-add where the noise distribution is assumed to be normal and with variance
equal to the level of noise implied by the item-level standard errors. See appendix A.2

3In addition to the simulation study and the formal test, we also probe robustness of our results on rank-swapping for
teachers using the rank correlation measurement error correction from Kitagawa et al. (2018). See appendix A.8.

3 1Formally, we define information loss for teachers identically to how we define it for students, as the share of all

the variation in the items that can be predicted by teachers which is ignored by focusing exclusively on the mean:

: __ Predictable variation around the mean __ var(d;4—9;)
Information loss (%) = Total predictable variation — war(djq)

ercise, in practice, we estimate the numerator and denominator necessary to construct the information loss metric
using a simple variance decomposition of the raw item data. See appendix A.3 for more details.

32We do this using a similar logic to the student level version of this test. Observe that estimating teacher value-added
on the average score is equivalent to imposing a linear restriction (6;, = 6; Vq) on equation 8. Thus, as with the
student level version of this exercise, testing a null of no information loss is equivalent to a simple test of nested
linear models (Wooldridge, 2010).

. As with the student-level version of this ex-
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by returning to first principles—the purpose of data and information is to inform decisions. Few
people seem to think the goal of education is to literally narrowly improve test scores; after all,
“teaching to the test” is far more frequently used as an epithet than as an encouragement. The in-
formation captured by tests is instead thought of as a proxy for some more general human capacity
that we hope schooling develops. Is the extra information captured by the item-level data relevant
for the development of those broader capacities?

In what follows, we explore a range of different outcomes that could plausibly be used as indica-
tors of those capacities and hence serve as the sort of criteria that might guide education decisions.
These include medium-term outcomes like subsequent student performance on academic course-
work and disciplinary infractions, to longer-term outcomes like high school graduation, college
attendance or even adult earnings. To determine whether the destroyed item-level information is
meaningful, we ask whether that information helps predict these candidate decision criteria relative
to relying on a single summary measure of ability.

The answer is clearly yes. We show that the extra information captured by the item-level test data
is relevant for predicting decision-relevant student outcomes, and that individual test items are
not all equally important for predicting these outcomes. The implication is that any decision rule
that relied solely on a single aggregate ability measure would inadvertently wind up prioritizing
resources or incentives (positive or negative) to many of the wrong people, and would fail to
prioritize resources for many of the right people.

We also show that there is no single aggregator that is optimal for every potentially decision-
relevant outcome. It turns out that different items carry different amounts of information about
different candidate decision-relevant outcomes. That is, some items are relatively more important
in predicting, say, course grades and disciplinary actions, while others have more predictive signal
for high school graduation, while yet other items are particularly relevant for predicting college
attendance. One implication is that using test data to inform education decisions will unavoidably
require some normative decisions about how different outcomes should be prioritized: That is,
what are the goals of education?

6.1 Decisions about students

Recall from section 3 that an aggregator a*() is optimal if policy choices made using predictions
of the decision criteria that is unobserved (or imperfectly observed) at the time of the decision (Y)
minimize prediction errors. In other words, that:

MSE(Y,a*) < MSE(Y, a) ©)
for any alternative aggregator af().
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We test this implication by asking whether the extra structure in the items can help us better predict
who is on track for success with respect to relevant decision criteria. If we can find an alternative
aggregator of the items that generates improvements in predictive power, this would imply there is
scope for using the hidden structure to improve upon the existing model of decision making. To
carry out this test, we estimate models of the form:

Y, = Fg<Dig7 cig) + Uig (10)
Y; = Gg(Aiga Cig) + Vig (11)

where Y; is the decision criteria of interest; [;, is the vector of item responses student ¢ gave to the
grade g tests, which include both ELA and math items; A;;, = (a,(D;,), am(D;y)) are the English
language arts (a,) and math (a,,) aggregate scores derived from the relevant grade level items; c¢;,
is the student’s cohort (i.e. the calendar year student i attended grade g);** and F, and G, are
grade-specific functions to be learned from the data. Our goal is to compare the predictive power
of these models. Model (10) allows us to quantify the predictive power of the items.>* Model (11)
allows us to quantify the predictive power of the aggregates.

To learn the functions Fj, and Gy, we use an off-the-shelf implementation of the gradient-boosted
tree algorithm (Chen et al., 2016).> For D4, our preferred specification uses the exact answers
chosen by students on each question for both the reading and math tests in a given year; however,
we obtain similar results using a binary, right/wrong categorization (see appendix A.9). To account
for over-fitting, we divide our data into a 75% — 25% train-test split, and calculate all of our fit
metrics on the hold-out sample. Unless otherwise indicated, we estimate our predictive models for
all students we can connect to the relevant candidate decision criterion of interest (see appendix
table A.5), and allow the functions to be “grade-specific” by estimating the models separately for

33 Because the actual items contained in each test are different across cohorts, including the cohort variable is necessary
for “item 1 on the grade 4 exam in 2015” to have a different relationship with the outcome than “item 1 on the grade
4 exam in 2016,” and, symmetrically, for “average math score on the grade 4 exam in 2015 to have a different
relationship with the outcome than “average math score on the grade 4 exam in 2016.” However, to ensure that
any gains in predictive power are purely measuring additional information in the items, rather than the ability of the
items to better interact with the cohort variable and detect changes over time, we remove all time series variation
from our fit metrics (described later on in this section) by calculating R-squared within grade-cohort (so holding c;,
constant) and then averaging across cohorts for a given grade-level.

¥Note that we can view the predicted values from this model as an alternative aggregator (as in Bond and Lang, 2013,
2018; Nielsen, 2019) and hence an out of sample comparison will directly test the relevant implication of the single
latent factor model of learning.

3 Decision trees are widely used in machine learning to help capture high levels of interactivity among candidate
predictors or “features” in predicting the outcome of interest. The problem with trees is that their structure can be
quite sensitive to statistical noise in the data. The “random forest” model solves that problem by building multiple
trees from different subsets of the data and averaging them together. Gradient-boosted trees are closely related but
build the trees sequentially, where each tree focuses on improving predictive power in that part of the data where
previous trees do not do very well. For more details see, for example, Natekin and Knoll (2013).
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each grade stacked across all cohorts.?

For the aggregated metrics (A;,), we use simple average scores in ELA and math in the indicated
grade. In many cases, this choice winds up understating the value of the extra information in the
item-level data, in the sense that the gains are even larger when we use other common educational
aggregators such as scaled scores (see appendix A.9).

We measure gains in predictive power using the difference in out-of-sample R-squared between
the models trained on test items versus aggregates. We benchmark the difference by scaling the
gains in predictive power by the R-squared of the model trained on aggregates. Thus, our results
communicate how much additional predictive power we gain for decision making relative to a
baseline of using only aggregates.

Figure 5 displays the results. In the figure, “Class failure” refers to results from models where
the outcome is an indicator for failing a class in the indicated grade. “Disciplinary action” refers
to results from models where the outcome is an indicator that takes a value of one if the student
had any disciplinary action in the subsequent year. “High school graduation” refers to results from
models where the outcome is an indicator for ever graduating high school. “College attendance”
refers to results from models where the outcome is an indicator for ever attending college. “Wages”
refers to results from models where the outcome is earnings 5 years after on-time graduation;
however, we caution that these results come from a smaller sample since we are only able to link
to earnings for a single cohort of students.?’

[Figure 5 about here.]

We find non-trivial gains in predictive power. On average, across grade levels, we find that the
items provide a 4.7% gain in our ability to predict class failure (min = 0.0%, max = 10%); a 12%
gain in our ability to predict disciplinary violations (min = 9.3%, max = 17.5%); a 19% gain in our
ability to predict high school graduation (min = 13.4%, max = 24.8%); a 6.5% gain in our ability
to predict college attendance (min = 5.8%, max = 7.7%) and a 44.5% gain in our ability to predict
earnings. To the extent to which any of these measures are the right criteria, these results suggest
there is real potential to use item-level data in a way that could substantially improve educational
decisions.

To address the possibility that the results are a product of sampling variation, we formally test the
null hypothesis of “no-information gain.” As suggested by equation 9, this amounts to testing the

31n practice, stacking across cohorts is necessary for us to have a large enough sample to adequately tune the model
hyper-parameters that govern regularization to prevent over-fitting.

37While the other outcomes are measured for longer periods of time in our data, and over many cohorts, the results for
earnings are based on a single cohort of 8th graders and hence leverage a substantially smaller sample. Depending
on the grade, our sample sizes range from n = 114,761 to 320,374 for high-school graduation, 57,978 to 258,497
for college attendance, and only 39,284 for earnings. This is because the linkages necessary to measure earnings
5 years after on time high-school graduation do not go back far enough in time. This raises the possibility that the
results for earnings as a candidate decision-making criterion could be due at least partly to noise in the data, rather
than true signal.
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null hypothesis that mean squared error on the hold-out sample is lower when using the predicted
value built from the items relative to the predicted value built from the aggregates. In other words,
Hy : MSE(Y,G) < MSE(Y, F) which implies a simple F-statistic (Wooldridge, 2010). We
reject the null of no information gain (see Appendix Table A.7 for formal test results).

Perhaps a more intuitive way to see what the item-level information adds comes from looking at
how the item-level versus aggregate models rank-order students, as in Figure 6. This not only helps
us see the data in a different way, but is also useful because of how many education decisions have
the flavor of rank-ordering problems (for example, remedial supports for the students at the bottom
of the distribution, etc.). For the prediction of a given student outcome, we plot the predicted
values from the model that uses aggregate test data to form the prediction (X-axis) versus uses the
item-level test data (Y-axis). For visual clarity, we standardize the predicted values to have mean
zero, standard deviation 1 prior to plotting.

Up to measurement error, the single-latent-factor model implies that for a given outcome the ag-
gregate and item-level predictions plotted in Figure 6 should all lie exactly on the 45 degree line.
Panel (a) shows that for the outcome of failing a math class, with the wide dispersion in the data
suggesting that the single-latent-factor model does not fit the data. The other panels replicate the
analysis for failing an ELA class (panel b), student disciplinary actions (panel c), high school
graduation (panel d), college attendance (panel e) and earnings (panel f).

[Figure 6 (panels a-b) about here.]
[Figure 6 (panels c-d) about here.]
[Figure 6 (panels e-f) about here.]

To formally test whether the points in figure 6 lie on the 45 degree line, we regress the predicted
values formed using aggregates on the predicted values formed using items and test whether the
slope coefficient equals 1. To account for measurement error in the right-hand side variable, we
estimate the model using a split sample two-stage least squares procedure. We can reject that the
slope equals one for each outcome at every grade level (see appendix A.10). The fact that the
points do not lie on the 45 degree line suggests scope for large disagreements regarding which
students should be prioritized for different types of resources, interventions, remedial support,
etc. depending on whether we use the benchmark, aggregate achievement measure or patterns of
performance in the underlying items.

Table 4 shows the degree of disagreement between item-level and aggregate-level decision-making
about which students are in the bottom 5% of the distribution.*8

3To be precise, we calculate the disagreement share by first counting the total number of students that fall into the
bottom 5% of the distribution of predictions made using either items or aggregates (but not both), and then divide by
the total number of students that fall into the bottom five percent of at least one of the two distributions. We follow
the approach from Petek and Pope (2023) and Rose et al. (2022) by standardizing the predictions to each have mean
0 and standard deviation 1, and then counting a student in the bottom 5% of the relevant distribution if the value falls
below -1.645. This approach will be exactly correct under the assumption that the predicted values are normally
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[Table 4 about here.]

Disagreement between the models formed using item-level versus aggregate-level data average
52.5% when it comes to deciding which students are at risk of not graduating high school; 48.9%
for those at risk of not going to college; 52.1% for those at risk of a disciplinary infraction; 46.1%
for those at risk of class failure; and 62.8% of cases for those at risk of falling into the bottom of the
earnings distribution. In fact, in nearly half of all grade-year-outcome combinations, the models
disagree on the majority of students when it comes to deciding who is in the tail of the distribution.
To account for the potential of these results to be driven by sampling uncertainty, we formally test
the null of no disagreement using a parametric bootstrap procedure that accounts for estimation
error in the random forest model-fitting step.? We can reject the null of no disagreement for every
grade-by-outcome combination (see the p-values in the 2nd to last column of Table 4). Consistent
with the idea that the item-level predictions are more accurate overall, the observed high-school
graduation rates are closer (i.e. more aligned with the predictions) to the item-based model in
cases where the models disagree about how the student should be classified (see appendix exhibit
A.6).

6.2 Decisions about Teachers

Our results for students demonstrate that there is extra information in the test items that is both
relevant to educational decision making and that gets destroyed by aggregation. But what drives
this extra variation is critical for understanding its broad utility. One possibility is that the addi-
tional variation is capturing certain types of skills and abilities important for student outcomes.
A less generous interpretation is that the correlation with longer-run student outcomes is driven
by the ability of the machine learning algorithm to use the information in the items to infer other
relevant student-level characteristics. For example, imagine that high-income and low-income stu-
dents with the same average score tend to answer different items correctly; the extra variation in
the item-level data in that case may simply be inferring the socioeconomic status of students.

To address this concern, we turn next to teachers, where we can explore whether this pathway
drives our results. Teacher value-added is constructed by residualizing test scores on observable
characteristics — such as race/ethnicity, gender, and proxies for socioeconomic status — at both
the student and classroom levels, ensuring that these features are mechanically uncorrelated with
the measure. Moreover, if teacher value-added captures an average causal effect, as argued by
Chetty et al. (2014a); Koedel and Rockoff (2015); Bacher-Hicks et al. (2019), it should also be
orthogonal to unobserved characteristics of the student’s they teach, implying that the gains from
using item-level data are not driven by the algorithm inferring the characteristics of the students in

distributed, and has the advantage that it simplifies inference considerably relative to defining the bottom 5% using
the corresponding empirical quantile. However, we find similar point estimates using a threshold that is based on the
empirical Sth quantiles (see appendix A.11).

¥ See appendix A.12 for more details on the bootstrap procedure.
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their classroom.*°

We estimate teacher value-added on the predicted values from the machine learning model de-
scribed above, where Y;g is a predicted value from either the item model (F") or the aggregate model
(@). Intuitively, the predicted values from the item-based machine learning model “re-weight” the
items according to their importance for predicting long-run outcomes. Thus, any substantive points
of disagreement about teacher value-added on the item-based model versus the model based on ag-
gregates must be due to the fact that some teachers are systematically better at improving student
performance on the items that matter most for the long-run decision of interest.

More precisely, we use the method developed in Chetty et al. (2014a) to estimate jack-knife,
empirical-Bayes versions of the following teacher value-added specification:

Yig = 0j(ig) + TXi + g, (12)

where d;(; 4) 18 a fixed effect for the teacher (j) assigned to student (z) in grade (g); and X is the
standard vector of value-add controls (described in full detail in appendix A.5).

Figure 7 shows how, relative to relying on the single aggregate test-score summary, the extra infor-
mation in the test-score items leads us to rank-order teachers differently by their value-added for
a given predicted outcome or decision criterion. In each sub-figure, the y-axis plots teacher-value
add on predicted values formed using items, and the x-axis plots teacher value-add on predicted
values formed using aggregate scores. See section 6.1 for a discussion of the predictive model
estimation.

[Figure 7 (panels a-b) about here.]
[Figure 7 (panels c-d) about here.]
[Figure 7 (panel d) about here.]

As with the student results, the wide dispersion we see in the data—with so many aggregate-data
and item-level TVA estimates lying off the 45 degree line—is further evidence against the single-
latent-factor model. We see this for every outcome: math class failure (panel a), ELA class failure
(b), disciplinary actions (c), high school graduation (d) and college attendance (e).*! To account for

40Specifically, if we assume the teacher value-added model we develop in this section (equation 12) is causal in the
sense that E(Yig|Dj.g), Xi) = 05,9 + 7Xi + E(uig|Dj(i,g), Xi) = 0j(i,9) + 71Xy, and where Dj(; oy is an
indicator that takes a value of 1 if teacher j is assigned to student ¢ in grade g and all other variables are as defined
later on in this section, then it follows immediately that cov(d;;,q), X:|Dj(,4)) = 0 and hence teacher value-added
is uncorrelated with the observable characteristics of the students assigned to them. A similar argument holds for
unobservable characteristics: simply decompose u;y; = U4 + v;4 Where v;4 is mean zero noise and hence U,
governs all other unobserved determinants of Yig. An identical argument goes through.

“IData constraints prevent us from estimating teacher value-add on the predicted values for wages. Since we can only
link one cohort of eight graders to wages 5 years after high school graduation, we cannot estimate the predicted
values in other years that would be necessary to account for the classroom component of teacher-value-add variance
using the standard, jack-knife empirical-Bayes method (Chetty et al., 2014a).
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sampling variation, we formally test whether teacher value-add from the aggregate model predic-
tions are comparable to teacher value-add on the item model predictions on average using a split
sample, two-stage least squares procedure that is similar to the one deployed in section 6.1. We can
reject the null hypothesis that the slope equals one at every grade level and for every outcome (see
appendix A.10). As with the student results, teacher value-add formed using the individual test
items and their connection to decision-relevant outcomes are systematically different than those
made using just the average test score.

Table 5 gives the share of disagreement about which teachers are in the bottom 5% of the value-
added distribution for different outcomes, between the value-added model using items versus ag-
gregate scores. Because we have many fewer teacher-level observations in a given grade-year
(compared to student-level observations), we present results for teachers pooled across all grades
within an academic year. So, each row represents results for teacher value-add calculated on the
indicated outcome. Disagreement shares for teacher value-add on predicted graduation average
44.9%:; for predicted college attendance they average 39.6%; for predicted disciplinary infractions
they average 42.4%, and for predicted class failure they average 51.6%. The bootstrap p-value
shown in the second to last column of table 5 shows that we can definitively reject the null of no
disagreement for each candidate outcome.*?

[Table 5 about here.]

The fact that we see similar results for this teacher value-added analysis as for student outcomes
confirms that aggregating test score data is relegating decision-relevant information to the cutting-
room floor—the student results do not merely reflect the fact that the item-level information is a
stand-in for student socio-demographics. And the magnitudes here suggest the extra meaningful
information in the item-level data has potentially important implications for hiring, firing, pro-
motion, salary increases, extra professional development help, bonuses to work in hard-to-serve
schools, etc.

6.3 Is there one optimal aggregator for every outcome?

We have shown that the extra information in the item-level data, when compared to an aggregator
like the test score average or IRT ability parameter, is relevant for the student outcomes that guide
education decisions. Put differently, we can predict those outcomes more accurately using the
item-level data than the average or IRT parameter. Here we show that the deeper problem is not
that the test average or IRT parameter is the wrong aggregator, but rather that we are aggregating
at all.

Once we recognize that the individual items have information about outcomes even conditional on
the average, we can see there is no reason to think that the extra information each item has need be
the same for each possible outcome. In fact, we show that it is not, which in turn implies that there

42See appendix A.12 for more detail on the procedure we use to generate the bootstrap p-value.
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is not an “optimal aggregator” for every outcome or decision criterion.

We demonstrate this by showing the amount of disagreement when we use the item-level informa-
tion to predict two different outcomes. Figure 8 provides an empirical illustration. We calculate
predicted values from the item-level machine learning model (equation 10) with college attendance
as the outcome, plotted against the predictions of identical models but now using high school grad-
uation as the outcome.

[Figure 8 about here.]

The results shown in Figure 8 imply that different test items carry different amounts of signal
about different outcomes. As discussed in section 6.1, the single latent factor model of decision
making implies that the optimal aggregator should minimize mean-squared error and hence all of
these points should fall exactly on a curve representing the mean relationship between the two
predicted values.*> A simple way to see this is to note that the single latent factor model implies
that ranks should be preserved after optimal aggregation. But we can clearly see that is not the
case — the wide degree of dispersion in the figure shows that there are clearly many students
whose ranking, for the purpose of decision making, is highly dependent on the particular choice of
aggregator.

Another way to see this is that the flat part of the curve at the left implies there are many students
whose pattern of test-item responses suggest they have a similarly low predicted rate of college
attendance, but vary enormously in their odds of high school graduation. Similarly, the steep part
of the curve at right implies that there are many students who have the same (high) predicted odds
of graduating from high school but, given the specific pattern of items they answered correctly,
vary substantially in their likelihood of attending college. The only way for patterns like the one in
Figure 8 to arise is if different questions carry different information about the long-run outcomes
that we might use to guide education decisions.

We can also see this point directly in Figure 9. To build this figure, we estimate regressions of the
following form:

Yi=a+ Bdig +wp_,+ e (13)

Where Y] is the long-run outcome of interest (high school graduation or college attendance); d;,
is an indicator that takes a value of 1 if student ¢ answered question ¢ correctly; D_, = (|T| —
DY ¢ET_, diq is the leave-g-out average performance on the test; and wp_, represents fixed

43Observe that with infinite data the predicted values from the random forest model will be equivalent to the conditional
expectation function and, since the CEF minimizes squared error, will be an optimal aggregator for each respective
outcome. If there is a single latent factor, then conditioning on one optimal aggregator is equivalent to conditioning
on the single latent factor, and the particular pattern of item responses should not generate systematic variation (i.e.
variation around the conditional mean) in the other optimal aggregator.
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effects for every possible value of the leave-out average. In practice, we estimate this model
separately for each item on the 2016, 8th grade math and English language arts tests.

The parameter of interest in these models is the slope coefficient 5. It tells us the predictive
power of item ¢ for high school graduation or college attendance among students with otherwise
identical average performance (equivalent to ability under the single latent factor model), which is
captured by the fixed effect wp_,. The x-axis of figure 9 plots the slope coefficients for high school
graduation. The y-axis plots slope coefficients for college attendance. Prior to estimation, we
standardize the outcomes to have mean zero and standard deviation one to meaningfully compare
across outcomes with different base rates. Individual points are color-coded according to item
difficulty, which we measure as the share of students who correctly answered the question. Because
these coefficients are estimated with every student in Texas who took the test in this grade and year
(57,594 in math and 57,595 in ELA), the standard errors on the individual slope estimates are
small (ranging from 0.003 to 0.015 in standard deviation units), so we omit measures of sampling
uncertainty for visual clarity.

[Figure 9 about here.]

Figure 9 shows that the different items contain different predictive power for different long-run
outcomes even conditional on ability. While the relationship is positive on average (revealing that,
conditional on ability, the items which predict an increase in high school graduation tend to predict
college going), there exists wide dispersion around this mean. In fact, there are even items where
the relationship is oppositely signed—items where getting them correct is associated with a lower
chance of graduating high school but a higher one of attending college, and vice versa.

Clearly, the assumption that all the information in an achievement test could be summarized by a
single summary statistic had the hidden implication of allowing us to avoid difficult conversations
about what education is for. When economists want to, for example, compare the size of the black-
white achievement gap at different ages, we anchor test scores in some long-term outcome. But
our results suggest the choice of anchoring outcome is not innocuous and will implicitly up-weight
or down-weight the importance of certain types of learning. Such choices are even more important
for education policy. Should we hire and fire teachers based on their ability to help students get
better course grades next year? Or pass to the next grade? Or graduate high school? Or attend
college? All else equal, we would like to achieve all of these outcomes. But our results suggest
there may be tradeoffs.

7 Is item-level information practically useful?

The results we have presented so far show that there is a great deal of extra information in the
item-level test data that is not captured by a single aggregate measure like a test-score average or
IRT ability parameter: The items capture additional signal about which students are off track for
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different short-, medium- and long-term outcomes, or which teachers are more or less helpful in
promoting such outcomes for their students. In this section, we discuss whether that extra infor-
mation could be made practically useful for both education researchers and policymakers.

For informing education decisions about some current cohort of students or teachers, we first need
some way to understand what each student or teacher’s pattern of item-level results implies for
future outcomes that have not yet been observed for those students or teachers. That requires using
the pattern of item-level results for some past cohort of students or teachers, for whom we can
observe the outcome of interest, to estimate the item-to-outcome relationship. With those estimates
in hand, we can then make some judgments about which current students or teachers to prioritize
for extra help, which teachers to fire versus promote or give special merit raises, etc.

This type of practical application requires that the item-to-outcome relationships have some sta-
bility across cohorts. It also requires some way to group test items in some meaningful way, since
the specific items represented on the tests taken by past cohorts of students will be different from
the items on the current cohort’s test. Which items on each year’s test are “like” which items on
another year’s test?

In what follows we provide an illustrative demonstration that these practical challenges can be
solved and the item-level information can be useful in some feasible applications. We do not claim
that our “proof of concept” implementation is necessarily optimal. It is very possible that future
research comes up with better ways to, for example, group items. So, the results presented here
should be viewed as a lower-bound for the benefits of using item-level information.

7.1 How to Group Items?

Our results show there is additional information in the item-level data that is relevant for educa-
tional decision-making, beyond what the single factor model would imply. But any feasible use of
this insight will require some sort of grouping of items, since the items found on one year’s test are
always different from the items on another year’s test.

Panels (a) and (b) in figure 10 highlight the problem. Panel (a) displays question 5 on the grade
8 test administered in year 2016, while panel (b) displays question 5 from the grade 8 test admin-
istered in 2017. Question 5 from the 2016 test involves a diagram and asks students to find the
slope of a line, while question 5 from the 2017 test combines geometry and algebra in the context
of finding the vertex of a triangle. It is unclear from looking at the text alone whether a student
that struggles with the skills necessary to answer question 5 on the 2016 exam would also struggle
with skills necessary to answer question 5 from the 2017 exam. Thus, even if we could learn the
relationship between performance on item 5 and (say) high school graduation for a cohort where
graduation is observed, there is no reason to believe that relation would apply to performance on
item 5 for students in other test years who have not yet graduated. Without any additional structure,
it is as if the tests had totally disjoint sets of indices, for example with the indices on the 2016 test
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given by Too16 = {1,2,3,...} and the indices on the 2017 test given by Ton7 = {A, B,C,...}
and hence there is no natural way to link them.

[Figure 10 about here.]

The good news is that the questions administered year-over-year are not actually disjoint sets. For
example, looking across the span of questions contained in the 2016 and 2017 grade 8 tests, there
are questions which do seem to be clearly linked even if they do not share the same question num-
ber. For example, Panel (c) of figure 10 displays question 39 from the 2017 test, which is nearly
identical in structure and content to question 5 from the 2016 test. This suggests there may be some
latent structure to the question content that will align with the actual skills driving performance on
individual items—the key challenge is to find a data-driven way to discover it.**

What is needed, in other words, is some way to group or categorize items that is most relevant
for whatever decision criteria society decides (course grades, disciplinary actions, high school
graduation, etc.). With that in hand it would then be possible to use the mapping between items
and decision criteria identified from some past cohort to inform decisions made for current students
(for whom the future outcome upon which we are making the decision is not observed, but the
item-level test performance is).

We offer here an “existence proof™ that it is possible to develop categories that link conceptually
“like” items across test years, without claiming that this is the optimal way to categorize and fully
utilize the information contained in the items. Our idea is to leverage the fact that most teachers
work in the same grade for multiple years, so they have classrooms of students who take the same
grade-level test across different years. Intuitively, we look for the set of items that a given teacher’s
students tend to do well on year after year.

To see the intuition, suppose the students assigned to a given 4th grade math teacher in the 2016-17
academic year perform well on questions 3, 4, and 5, but not on questions 1 and 2; but that the
new students assigned to the teacher the next year (2017-18) do well on questions A, B, and C,
but not on questions D and E. However, in a different teacher’s classroom, the converse is true —
they do well on 1 and 2 the first year but not 3, 4 and 5, and the second year do well on D and E
but not A, B and C. This pattern suggests placing the questions into two groups representing the
distinct concepts or skills that reflect the distribution of latent abilities within the classrooms that
each teacher tends to teach: S; = {3,4,5, A, B,C} and S5 = {1,2, D, E'}. We expect the first
teacher’s students to do quite while on a test comprised of questions like those in .Sy, poorly on a
test of items in Sy, and conversely for the second teacher.

Our procedure formalizes this intuition. Let C;; = {i|j(i,t) = j} denote the set of students as-
signed to the classroom of teacher j and calculate the average performance of the students assigned
to teacher j on item ¢ in year ¢ as x; = |Cj| ™" Zz‘ecﬁ digt- Let Xy = {2 jpt}jec, denote the vec-

“1n fact, the algorithm we propose in this section does indeed link the items contained in panels (a) and (c) of figure
10 across test years using a purely data driven approach.
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tor of average classroom-level performance on item ¢ in year ¢ for all teachers (j) who taught a
classroom in the relevant grade in that exam year (G;). Let S = {5, Ss, ... Sk } denote a partition
of the question number by exam-year indices (i.e. ¢t) into K disjoint sets. To link the questions
across test years, we implement a K-means clustering algorithm (Hastie et al., 2009):

K
argmin > [1X = juel (14)

k=1 X€Sy

and where i, is the centroid of Si. Observe that equation (14) finds a partition of questions by
minimizing the distance between the average performance within cluster and the classroom level
performance of teachers on the items contained in that cluster. Importantly, because classroom
level performance for a given teacher can span multiple test-years, it is possible for the algorithm
to create partitions of the item indices such that items from different test years are included in the
same set.

We turn next to using this categorization procedure to carry out a feasible implementation of the
item-level decision approach. To the extent to which our item categorization is sub-optimal, the
result would be to understate the potential gains from using item-level information rather than
aggregate test data to inform key education decisions.

7.2 How well does the feasible item-level implementation perform?

Figure 11 provides a schematic that illustrates our feasible implementation of the item-level ap-
proach. With our item categorization system in place to link test items across years, we take the
earliest cohort of 8th graders for whom we can measure high school graduation in our dataset;
this is for those students who were 8th graders in academic year 2012-13 and so, had they stayed
on track in school, would have graduated high school in 2016-17. We then predict high school
graduation in 2016-17 for that cohort using 2012-13 8th grade test scores in two ways, first using
the test score categories discovered by our algorithm (capitalizing on the item-level information)
and then using the status quo approach of using an aggregate test score measure.

[Figure 11 about here.]

We can then do a policy simulation of replacing the bottom 5% of teachers in the estimated value-
added distribution, horse-racing a version using aggregate test data versus our feasible implemen-
tation of the item-level approach. The school administrators in fall 2017 know nothing about
the longer-term future graduation outcomes of that year’s 8th graders at the time they are mak-
ing decisions about which 8th grade teachers in that year are in the bottom 5% of the gradua-
tion value-added distribution. The academic 2017-18 administrators must choose between two
backward-looking options: an estimate of teacher value-added from the year 2012-13 cohort based
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on the aggregate test data; and an estimate of teacher value-added from the 2012-13 cohort on high
school graduation, based on the test-item-cluster from our algorithm that is most highly correlated
with high-school graduation. For the item-level prediction to dominate requires that our proof-of-
concept categorization for the item-level data captures some meaningful structure, and that extra
structure is stable over time from the 2012-13 to 2017-18 8th grade cohorts.

We evaluate the gains of the item-level approach by capitalizing on the fact that we (the researchers)
can observe actual high school graduation outcomes for the year 2017-18 8th grade cohort, even if
the fall 2017 decision-makers in our exercise cannot. (We emphasize again we only use that later
information to evaluate, not implement, the policy). Specifically, we:

 Learn the item-cluster-to-graduation relationship using the 2012-13 eight grade cohort;

* Rank-order teachers by their value-add on the aggregate test score and the relevant item-
cluster in the 2016-17 academic year (as if we did not see the graduation outcomes for the
2016-17 cohort);

* Replace the bottom 5% of teachers using either the feasible item-cluster approach or aggre-
gate test scores;

 Score the two policies against one another using the fact that in our data we can actually see
the high school graduation outcomes for the 2016-17 cohort in academic year 2020-21.

To evaluate the policy gain, we calculate value-add using model 12 on actual, observed high school
graduation and compute the implied increase in high school graduates that would accrue if we re-
place the teacher who is let go with a teacher who has average value-add on high school graduation.
In practice, the linkages in our data allow us to perform this policy gain exercise for 2 cohorts of
8th graders and one cohort of 7th graders.

We reiterate that for our policy simulation, the identification of the bottom 5% of teachers in all
three of these cohorts is made without using any of that 2020-21 graduation information (since
actual school administrators in year 2016-2017 would not know that either). In other words, the
decisions we simulate are exactly constrained by the information limitations that education policy-
makers would face; it is only our own evaluation of this policy that is assumed to have the benefit
of hindsight. Figure 12 contains the results.

[Figure 12 about here.]

We find that implementing a feasible version of the item-based policy generates a 20.6% larger gain
in high school graduation than the version implemented with traditional value add. In levels, we
find that the item-based policy creates just under 500 additional high school graduates per grade-
year statewide in Texas — nearly 100 more than the number of additional high school graduates
created using traditional value-add.

To formally quantify the cost-benefit ratio, we recast it in terms of the marginal value of public
funds (MVPF) (Hendren and Sprung-Keyser, 2020). We calculate the MVPF using the formula
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MPVF = éi;:}% AAEE“Z?;’ZS;S , where T is the marginal tax rate, C'ost is the implementation cost,

and ), AFEarnings; represents the change in present-value monetary earnings from being a high

school graduate relative to a high school dropout. We assume the average employed high school
dropouts earns $38,500, two-thirds of high school dropouts are employed, a 10% return to high
school graduation (Card, 1999), and the federal marginal tax rate of 12%.% We find that the MVPF
of switching to an item-based policy is infinite at any implementation cost less than $4 million per
year, and will generate a value greater than one at any cost less than $33 million per year.

Importantly, implementing the policy at the item level, rather than using aggregate scores, would in
practice entail only modest additional cost. Because the underlying data are already collected, the
only incremental expenses—relative to a policy based on aggregate scores—would stem from data
analysts’ time and the computing resources needed to run our algorithm. To the extent to which
there are costs they would be up-front investments (e.g., developing the necessary code) that could
be amortized over many years.

In our view, the annualized costs almost surely fall well under $4 million — implying that in the
classic bottom 5% thought experiment, switching to an item-based version of the policy almost
surely yields a MVPF of infinity—or, put differently, exceeds the MVPF of even well-regarded
interventions like Head Start, universal pre-K, and school finance equalization. The only way the
use of the item-level data would yield a MVPF below 1 would be if the cost relative to using
aggregate data exceeded $30 million a year, which would represent about a third of what Texas
spent annually on developing and administering the state’s standardized tests during our study
period.*®

More broadly, the cost of switching almost any policy from an aggregate-score based decision
making process to an item-based decision process will be similarly low, implying large gains, in an
MVPF sense, from switching to items for any policy decision that has a non-trivial benefit.

8 Conclusion

Our results suggest the value of rethinking how we use testing data in both education research
and education practice. Upstream of researchers and practitioners, before they ever get access to
any testing results, there is a step that is so widely ignored as to be almost hiding in plain sight:
Aggregation. Much of the information in the item-level test data winds up being thrown away
and collapsed into a single scalar, usually an average or some sort of “ability” parameter from a
statistical model like IRT.

“The high school dropout earnings and employment figures come from National Center for Education Statistics
(2023), adjusted to 2025 dollars. A discount rate of 3% is used and we assume the state tests six grades (grades 3-8)
each year.

46See https://www.nbcdfw.com/news/local/90-million-tab-for-staar-testing-
includes—-pricey-meetings-travel-consultants/2073351/.
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We have argued here that this aggregation step cannot be assumed to be innocuous. Using item-
level information from the Texas public schools, we have shown that conditional on the test aver-
age, item-level data adds information that is meaningfully and practically important for research
and policy decisions about which students and teachers are doing well versus poorly, in which spe-
cific areas, and for what decision-relevant outcomes. Aggregation leads us to throw away most of
the predictable variation across teachers in value-added, misclassify nearly half the students who
fall in the bottom of the distribution in terms of predicted educational trajectories, and understate
(and attenuate) the effects of policies like replacing the bottom 5% of teachers in the value-add dis-
tribution. Since different items wind up having different amounts of signal for different decision-
relevant outcomes, aggregation has prevented us from realizing the need for a conversation about
how education should prioritize the different candidate goals; what are schools for, exactly?

The key shift in perspective is to recognize that many, perhaps most, education decisions are pre-
diction policy problems (Kleinberg et al., 2015; Mullainathan, 2025). Just like judge pre-trial
decisions hinge on a prediction of a defendant’s risk (Kleinberg et al., 2018; Rambachan, 2024),
decisions about which students to provide extra help or which teachers to hire and fire hinge on a
prediction of future educational outcomes. Framing the problem this way makes clear we need to
extract as much predictive signal from the available candidate predictors or “features” as possible,
rather than compress much (or even most) of the information in the features before feeding them
to the prediction model’s training algorithm.

What a future that took item-level data more seriously would look like, exactly, remains unclear and
is beyond the scope of this paper to determine, since this raises some new complications beyond
what we see in many other prediction policy problems. For example, some sort of categorization of
items will be required to make this approach practically useful, since the exact composition of test
items changes from year to year in every test. We have provided a proof-of-concept demonstration
here that this is possible, although we do not claim that our approach is optimal. If our approach is
sub-optimal, we understate the potential gains from making greater use of item-level data.

More generally, education is hardly alone in having upstream data aggregation that is largely ig-
nored. The same issue arises in a wide range of other economically important areas including
health, housing, transportation, crime, public finance, consumer finance and even the measurement
of inflation and other fundamental economic phenomena. Evidence that aggregation of education
data is not innocuous suggests there is no reason to assume aggregation is harmless in any other
area of economics.
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Figure 1: Example of standardized test reports provided to parents

Notes: Figure displays an example STAAR standardized test report taken from the Texas Education Agency web-
site (https://tea.texas.gov/student-assessment/testing/csr/staar-report—-card-
example—-grade-3-2018.pdf). Reports like this, which emphasize aggregate achievement metrics, are
provided to parents in Texas every year to communicate their child’s academic progress.
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(a) Decisions with full information

(b) Single latent factor model of decision making

Figure 2: Two different views of decision-making with standardized tests

Notes: This figure provides an illustration of information loss when decisions are based on a single aggregate
achievement measure. Panel (a) illustrates the case in which items contain independent signals for different
decision-relevant outcomes, even conditional on an overall aggregate score. Panel (b) represents the common
assumption underlying current practice: that all information in the test can be captured by a single underlying
ability. For a formal mathematical argument, see Section 3.
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(a) Distribution of student-by-category interactions
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(b) Placebo distribution
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Figure 3: Hidden structure in student performance: Students who perform
well on the overall test score do not perform well on every item category

Notes: Figure 3(a) takes a random sample of 1% of students taking the fourth grade test in 2016 and compares each
student’s rank both in terms of average test score (left-most column) and for five categories. We construct categories
using k-means clustering with 5 clusters (see Appendix A.l for alternative categorizations). The left-most column
indicates a student’s average performance across all questions, with each horizontal line denoting a student. The re-
maining five columns then re-ranks each student based on their performance in that category, but holding their color
fixed based on their ranking in the left-most column. The extent of ‘color mixing’ therefore represents the degree to
which students’ ranks change from one category to another. Figure 3(b) shows how this distribution would look under
solely sampling variation. We implement this placebo test by assuming that each student’s performance for a given
category is equal to their average score plus noise which is assumed to be normally distributed with variance set to
match the empirical sampling variability (i.e. the standafllerror) of the student’s actual category level performance.



(a) Distribution of item level TVA

(b) Placebo distribution

Figure 4: Hidden structure in teacher value-added: teachers with high value-
add on the overall test score do not have high value-add on every item

Notes: Panel (a) of this figure takes all 2,280 fourth grade teachers in 2016 that meet our estimation criteria
and compares each teacher’s rank both in terms of traditional value-add and for item-by-item value-add. In the
left-most column, which corresponds to a teacher’s traditional value-add, each horizontal line denotes a teacher
with their position and color determined by their rank in the value-add distribution. The remaining columns
then re-rank each teacher based on their value-add on that specific item, but holding their color fixed based
on their ranking in the left-most column. Thus, the extent of ‘color mixing’ represents the degree to which
teachers’ ranks change from one item to another. Dark black vertical lines group individual items into state
content categories. Panel (b) of this figure shows how this distribution would look if the only reason for rank-
swapping were sampling variation. We implement this placebo test by assuming that each teacher’s item value-
add is equal to their traditional value-add plus noise which is assumed to be normally distributed with variance
set to match the empirical sampling variability (i.e. the standard error) of the teacher’s actual item-specific
performance. 42
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Figure 5: Hidden information about education decisions: Explanatory power
loss from predicting future outcomes using item-level vs aggregate test data

Notes: This figure show improvements in predictive power over long-run outcomes from using items over ag-
gregates. We measure gains in predictive power using the difference in out-of-sample R-squared between model
(10) and model (11). We benchmark the difference by scaling the gains in predictive power by the R-squared of
the model trained on aggregates. Thus, our results communicate how much additional predictive power we gain
for decision making relative to a baseline of using only aggregates. To ensure that any gains in predictive power
are purely measuring additional information in the items, rather than the ability of the items to better interact with
the cohort variable and detect changes over time, we remove all time series variation from our fit metrics by cal-
culating R-squared within grade-cohort (so holding ¢;, in models 10 and 11 constant) and then averaging across
cohorts for a given grade-level. “Class failure” refers to results from models where the outcome is an indicator
for failing at least one class in the indicated grade. “Disciplinary action” refers to results from models where the
outcome is an indicator that takes a value of one if the student had any disciplinary action in the subsequent year.
“Highschool graduation” refers to results from models where the outcome is an indicator for graduating high
school. “College attendance” refers to results from models where the outcome is an indicator for ever attending
college. “Wages” refers to results from models where the outcome is earnings 5 years after on-time graduation;
however, we caution that these results are estimated for a single cohort of students since we are only able to create
the appropriate data linkages for that lone cohort.
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(a) Predicted math class failure

(b) Predicted ELLA class failure

Figure 6: Disagreement between aggregate test score versus item-level test
data regarding which students are struggling (Panels a—b).
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(c) Predicted disciplinary action

(d) Predicted high school graduation

Figure 6: Disagreement between aggregate test score versus item-level test
data regarding which students are struggling (Panels c—d).
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(e) Predicted college attendance

(f) Predicted earnings

Figure 6: Disagreement between aggregate test score versus item-level test
data regarding which students are struggling (Panels e—f).

Notes: This figure shows that items paint a very different picture than aggregates with respect to who is on track
for success. Panel (a) plots the predicted values from the model that uses aggregate test data (X-axis) versus
the item-level test data (Y-axis) to predict failing a math class. Panels (b) through (f) replicate the analysis for
failing an ELA class, disciplinary action, highschool graduation, college attendance, and earnings. In all cases we
standardize the predicted values to have mean zero, standard deviation 1 prior to plotting. Dashed lines denote the
bottom 5% threshold for each axis. The solid line is the 45-degree line. The color gradient is a visual depiction
of the density (red = high density, blue = low density).
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(a) TVA predicted math class failure

(b) TVA predicted ELA class failure

Figure 7: Disagreement between aggregate test score versus item-level test
data regarding which teachers are struggling (Panels a—b).
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(c) TVA predicted disciplinary action

(d) TVA predicted high school graduation

Figure 7: Disagreement between aggregate test score versus item-level test
data regarding which teachers are struggling (Panels c—d).
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(e) TVA predicted college attendance

Figure 7: Disagreement between aggregate test score versus item-level test
data regarding which teachers are struggling (Panel e).

Notes: This figure shows how the extra information in the test-score items leads us to rank-order teachers differ-
ently relative to aggregates. To generate this figure, we used the predicted values from models (10) and (11) as
the left-hand side variable for the teacher value added model described in equation (8). The y-axis plots teacher
value-add on predicted values formed using items. The x-axis plots teacher value-add on predicted values formed
using aggregate scores. Panels (a) through (e) plot results for predicted math class failure, ELA class failure,
disciplinary action, high school graduation, and college attendance. We cannot perform this exercise for earnings
due to the limited data linkages for this outcome. Dashed lines denote the bottom 5% threshold for each axis.
The solid line is the 45-degree line. The color gradient is a visual depiction of the density (red = high density,
blue = low density).
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Figure 8: Plotting predicted high school graduation vs. college attendance
from models that use item-level test data

Notes: This figure demonstrates that different test items carry different amounts of signal about different out-
comes. In this figure, the x-axis denotes item-level predicted values from model (10) with high-school graduation
as the left hand side variable. The y-axis denotes item-level predicted values from model (10) with college atten-
dance as the left hand side variable. Thus each observation is a student, with the color gradient giving a visual
depiction of the density (red = high density, blue = low density). Predicted values are standardized to have mean
zero, standard deviation 1 prior to plotting. The wide dispersion in the data implies that some items carry differ-
ent predictive power over different outcomes and hence there cannot be a single, optimal aggregator. Appendix
figure A.6 presents comparable results for teachers.
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(a) Math items

(b) ELA items

Figure 9: Individual test items have different signal for different outcomes —

high school graduation vs. college attendance (conditional on overall ability)
Notes: This figure shows that different items contain different predictive power for long run outcomes even
conditional on ability. Both panels of this figure plot item slopes from model 13 estimated with high school
graduation as the outcome (x-axis) against item slopes from model 13 estimated with college attendance as the
outcome (y-axis). The solid line is the line of best fit. Points are color coded by difficulty (i.e. the share of
students that answered the item correctly). The sample for this figure is restricted to students who took the 8th
grade test in 2016. Importantly, because these coefficients are estimated with every student in Texas who took
the test in this grade and year (57,594 in math and 57,595 in ELA), the standard errors on the individual slope
estimates are small (ranging from 0.003 to 0.015 in standard deviation units), so we omit measures of sampling
uncertainty for visual clarity. Panel (a) gives results for math. Panel (b) gives results for ELA.
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(a) Question 5 in 2016

(b) Question 5 in 2017

(c) Question 39 in 2017

Figure 10: Select items from the Grade 8 Exam in 2016 and 2017

Notes: This figure highlights the challenge of leveraging item level variation for practical decision making: with-
out additional information, it is difficult to “link” items across test years in a way that permits the extrapolation
of long-run relationships forward in time so that they can be leveraged for the decisions we want to make about
students and teachers today. Panel (a) displays question 5 on the grade 8 test administered in year 2016. Panel
(b) displays question 5 from the grade 8 test administered in 2017. Despite the fact that both of these questions
are labeled as “item 5,” they clearly capture very different mathematical concepts. However, panel (c) displays
question 39 from the 2017 test, which is nearly identical in structure and content to question 5 from the 2016
test. Thus, to make item level variation practically useful, it is critical to develop ways of linking “similar” items
across test years.
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Figure 11: Schematic of evaluating a feasible implementation of item ap-
proach to decision-making

Notes: This diagram highlights our approach to evaluating whether an item-based approach will have a large
practical impact if implemented feasibly, whereby “feasibly” we mean in the sense that a policy maker needs
to make decisions today using items (or aggregates) for students for whom they cannot directly observe future
outcomes like high school graduation. To accomplish this, we first use the algorithm from section 7.1 to link
items within-grade, over time from 2011-2018. Next, we identify the earliest cohorts of students in our data to
actually graduate. Next, we use their observed graduation to identify the cluster of items most highly correlated
with high school graduation. Then, we calculate teacher value-add on the high school cluster and the average
score, and use those estimates to identify which teachers fall into the bottom 5% of the distribution for the 2
cohorts of 8th graders, and one cohort of 7th graders, where we can observe their high school graduation (but
which were not used to identify the high school cluster). Finally, we use observed high school graduation for
these cohorts to calculate the implied change in high school graduation rates if we used teacher value-add on
the high-school cluster instead of teacher value-add on the average score to implement a hypothetical policy that
replaced the bottom 5% of teachers with an average one.
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(a) Average gain in high school graduates per grade-year

Policy Gain from
Using Items: 20.6% 499

300 400 500
1 1 1

Increase in HS Graduates from Releasing
200
|

Bottom 5% Teachers Each Grade-Year

100
1

VA using Aggregate Data VA using Items Data

(b) Marginal value of public funds

Figure 12: Feasible Gains: Items vs. Aggregates

Notes: Figure 12(a) presents the average gain per cohort-year, measured in terms of newly created graduates, from
implementing the bottom 5% policy with traditional value-add and our feasible, item based approach. Relative
to the aggregate, the item based approach generates a 20.6% improvement. Figure 12(b) displays the marginal
value of public funds (MPVF) for the additional high school graduates gained by using our feasible, item-based

implementation of the policy. The MPVF = éi;?TZZ’AAEEZSZ?g;;

>, AFEarnings; represents the change in present-value monetary earnings from being a high school graduate
relative to a high school dropout. For the earnings estimates, we assume the average employed high school
dropouts earns $38,500, two-thirds of high school dropouts are employed, a 10% return to high school graduation
(Card, 1999), a discount rate of 3%, a federal marginal tax rate of 12%, and that testing runs for six grades (grades
3-8). Red dots indicate MPVF calculations from four other well-known programs: Head Start Impact Study
(Kline and Walters, 2016), Perry Preschool (Heckman et al., 2010), school finance equalization (Jackson et al.,
2015), and universal pre-Kindergarten Humphries et al. (2024). MPVFs for Heckman et al. (2010); Jackson et al.
(2015); Kline and Walters (2016) are taken from Hendren and Sprung-Keyser (2020).
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Table 1: Summary Statistics

Full Test-Taking Value-Added
Sample? Sample® Sample®
(Grade 3-8) (Grade 3-8) (Grade 4-8)
(1) (2) (3)

Test Statistics
# of Items Math Test - 45.3 46.3
% Correct on Math Test - 61.6 60.0
# of Items ELA Test - 43.4 44.6
% Correct on ELA Test - 66.5 66.3
Demographics
% Hispanic 51.8 51.0 51.5
% White 29.5 29.9 30.0
% Black 12.7 13.2 13.1
% Asian 3.6 34 2.9
% Disadvantaged 60.7 60.6 61.2
% Limited English Proficient 16.7 14.7 13.0
% Special Education 9.0 6.8 5.6
% Gifted 9.9 8.9 7.3
Class Size - - 22.0
Outcomes
Graduated High School (%)4 79.1 79.6 81.1
Entered College (%)° 61.6 62.3 61.5
Wages (Annual)’ 18,061.8 17,623.9 18,038.0
Next Grade Disciplinary Infraction (%) 16.5 16.5 17.1
Failed Class (%)® 4.2 4.2 4.2
Observations (Student-item-year) - 1,313,711,814 823,391,476
Observations (Student-year) 16,928,123 14,817,051 9,066,474
# of Students 4,912,003 4,650,274 3,649,525
# of Teachers - - 77,346
# of Schools 7,529 7,433 6,899

2 Data coverage: All students in grades 3-8 from 2011-12 through 2018-19 with valid math tests.

b Data coverage: Same as column (1), but restricted to student-year observations with valid test scores for both math and reading. A valid
test refers to the standard version of the STAAR test where all items were not left blank.

¢ Data coverage: Same as column (2), but restricted to students who: (i) have valid lagged test scores (dropping third grade), (ii) can be
uniquely matched to a math teacher, and (iii) are in a class with between 5 and 200 students.

4 To ensure students have reached the graduation age, we restrict our sample for each grade to the following years: grade 3 up to 2011-12,
grade 4 up to 2012-13, grade 5 up to 2013-14, grade 6 up to 2014-15, grade 7 up to 2015-16, and grade 8 up to 2016-17.

¢ To ensure students have reached college-going age, we restrict our sample for each grade to the following years: grade 4 up to 2011-12,
grade 5 up to 2012-13, grade 6 up to 2013-14, grade 7 up to 2014-15, and grade 8 up to 2015-16.

f Average annual wages (including zero wages) five years after expected high school graduation. 28.6% (45,723/159,633) of our wage sam-
ple have zero wages (defined as earning less than $500). Only covers the 2011-12 grade 8 cohort.

& Indicates failing a class in mathematics, ELA, reading, social studies, or science.
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Table 2: Share of information lost in aggregation (students)

Information Loss F-stat P-Value Obs
2016 2017 2018 2019 16-19

Grade4 205% 142% 165% 17.5% 17.1% L.5 0.00 37,116,226
Grade5 15.0% 16.6% 20.5% 20.7% 18.2% 1.6 0.00 40,213,906
Grade 6  9.0% 9.6% 12.7% 145% 11.4% 1.7 0.00 38,898,566
Grade7 14.1% 102% 109% 122% 11.9% 1.7 0.00 38,827,074
Grade8 155% 124% 164% 17.9% 15.6% 1.8 0.00 36,511,118

Notes: This table presents estimates of the information about students that is lost in aggregation. Each row denotes
a separate grade of enrollment. The first four columns denote AY 2016-2019, while the fifth column (labeled 16-
19) summarizes average information loss over all years within a given grade. The measure of information loss is
an estimate of %ﬁ{;;) The F-stat and associated p-value are from a formal test that there is no information
lost by assuming a single latent factor (i.e. that ;. = ; Vq). Observations represent the number of student-
item-years used in the data to generate each row. Finally, we note that these results are likely to be a lower bound,
since we are forced to rely on imperfect categories rather than directly estimating the relevant student-by-item

fixed effects.

56



Table 3: Share of information lost in aggregation (teachers)

Grade 4
Grade 5
Grade 6
Grade 7
Grade 8

Information Loss F-stat  P-Value Obs
2016 2017 2018 2019 16-19
66.2% 57.6% 63.7% 62.8% 62.6% 1.8 0.00 37,120,964
62.8% 64.7% 619% 60.4% 62.4% 1.9 0.00 40,352,816
67.0% 60.7% 61.5% 63.1% 63.0% 2.3 0.00 38,930,276
71.9% 68.8% T71.6% 69.8% 70.2% 22 0.00 38,862,708
74.1% 693% 68.6% 69.6% 70.2% 2.8 0.00 36,641,290

Notes: This table presents estimates of the information about teachers that is lost in aggregation. Each row denotes
a separate grade of enrollment. The first four columns denote AY 2016-2019, while the fifth column (labeled 16-
19) summarizes average information loss over all years within a given grade. The measure of information loss is

an estimate of

var(djq—0;)
var(d;q)

. The F-stat and associated p-value are from a formal test that there is no information

lost by assuming a single latent factor (i.e. that d;, = J; Vg). Observations represent the number of teacher-
student-item-years used in the data to generate each row.
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Table 4: Disagreement at the bottom of the distribution (students)

2012 2013 2014 2015 2016 2017 2018 2019 12-17  P-Value Obs.
Panel A: Predicted graduation
Grade 4 553% 48.9% 48.4% 0.00 114,761
Grade 5 478% 51.7% 51.6% 50.0% 0.00 177,415
Grade 6 55.6% 58.7% 57.4%  55.0% 56.6% 0.00 230,523
Grade 7 547% 554% 542% 53.4% 58.8% 55.1% 0.00 279,675
Grade 8 53.6% 512% 53.6% 472% 452% 50.8% 50.1% 0.00 320,374
Panel B: Predicted college
Grade 4 46.6% 46.6% 0.00 57,978
Grade 5 47.1%  50.2% 49.0% 0.00 118,360
Grade 6 50.5% 55.7% 51.8% 51.2% 0.00 172,082
Grade 7 51.2%  52.7% 51.1% 48.3% 50.0% 0.00 221,763
Grade 8 494% 458% 51.1% 458% 43.2% 47.0% 0.00 258,497
Panel C: Predicted wages
Grade 8 62.8% 62.8% 0.00 39,284
Panel D: Predicted disciplinary infraction
Test grade 4 50.5% 502% 47.6% 443% 485% 559% 55.9% 50.4% 0.00 403,639
Testgrade 5 38.1% 484% 439% 43.7% 43.0% 40.8% 40.2% 44.8% 0.00 409,265
Testgrade 6 41.1% 474% 459% 43.0% 465% 45.6% 47.8% 49.1% 0.00 403,907
Testgrade 7 573% 553% 579% 57.7% 587% 69.6% 58.5% 64.4% 0.00 391,744
Test grade 8 48.5% 49.5% 48.1% 79.0% 57.7% 573% 58.1% 61.2% 0.00 376,267
Panel E: Predicted pass class
Grade 4 454% 438% 471% 480% 457% 47.8% 50.6% S51.7% 46.6% 0.00 2,078,976
Grade 5 459% 45.6% 42.5% 448% 442% 454% 438% 39.8% 41.8% 0.00 2,159,728
Grade 6 53.4% 51.8% 48.8% 533% 555% 569% 552% 549% 53.5% 0.00 1,251,104
Grade 7 52.6% 52.6% 493% 5277% 544% 57.1% 51.1% 53.6% 52.9% 0.00 1,967,294
Grade 8 548% 52.5% 56.1% 519% 54.5% 55.5% 55.4% 559% 52.9% 0.00 1,723,489

Notes: This table shows that there is substantial disagreement between item-level and aggregate-level predictions regarding which students are not on track
for success with respect to various outcomes as measured by falling into the bottom 5% of the distribution of predicted values from models (11) and (10).
Specifically, we calculate the disagreement share by first counting the total number of students that fall into the bottom 5% of the distribution of predictions
made using either items or aggregates (but not both), and then divide by the total number of students that falls into the bottom five percent of at least one of the
two distributions. We follow the approach from Petek and Pope (2023); Rose et al. (2022) by standardizing the predictions to each have mean 0 and standard
deviation 1, and then counting a student in the bottom 5% of the relevant distribution if the value falls below -1.645. This approach will be exactly correct
under the assumption that the predicted values are normally distributed, and has the advantage that it simplifies inference considerably relative to defining the
bottom 5% using the corresponding empirical quantile. However, we find similar point estimates using a threshold that is based on the empirical 5th quantiles
(see appendix A.11).P-values test the null of no-disagreement in the bottom 5% across all cohorts in a given row using a bootstrap procedure that accounts for

estimation error in the random-forest fitting stage (see appendix A.12 for more detail).
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Table 5: Disagreement at the bottom of the distribution (teachers)

2012 2013 2014 2015 2016 2017 2018 2019 12-17  P-Value Obs
Teacher value-added on:
Predicted graduation 443% 42.1% 48.6% 41.3% 43.8% 40.0% 44.9% 0 68,933
Predicted college attendance 41.6% 39.1% 40.6% 41.6% 34.6% 39.6% 0 42,007
Predicted disciplinary infraction 41.2% 42.0% 41.7% 39.6% 42.6% 42.8% 44.8% 42.1% 0 148,105
Predicted pass/fail class 51.0% 514% 53.0% 50.6% 51.6% 505% 52.0% 52.1% 51.3% 0 608,000

Notes: This table shows that there is substantial disagreement about which teachers are struggling (i.e. falling into the bottom 5%) using value-add estimates
formed from items that are connected to long-run outcomes relative to teacher value-add estimates formed using aggregate scores. Specifically, we calculate
the disagreement share by first counting the total number of teachers that fall into the bottom 5% of the distribution of value-add formed using either items
or aggregates (but not both), and then divide by the total number of teachers that fall into the bottom five percent of at least one of the two distributions. We
follow the approach from Petek and Pope (2023); Rose et al. (2022) by standardizing the value-add estimates to each have mean 0 and standard deviation
1, and then counting a teacher in the bottom 5% of the relevant distribution if the value-add falls below -1.645. This approach will be exactly correct under
the assumption that the value-added estimates are normally distributed, and has the advantage that it simplifies inference considerably relative to defining the
bottom 5% using the corresponding empirical quantile. However, we find similar point estimates using a threshold that is based on the empirical 5th quantiles
(see appendix A.11). P-values test the null of no-disagreement in the bottom 5% across all cohorts in a given row using a bootstrap procedure that accounts
for estimation error in the random-forest fitting stage (see appendix A.12 for more detail).
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A Additional details of empirical exercises, supplemental re-
sults, and robustness

A.1 Details of categorization algorithm and sensitivity to alternative meth-
ods

In Section 5, we show that both students and teachers exhibit comparative advantage at the item-
by-item level that is missed when focusing on the aggregates. In this appendix, we provide some
additional details, as well as some robustness checks.

As discussed in the main text, our ideal way of quantifying the item comparative advantage at the
student level would be to estimate student-by-question interaction terms; however, these are not
identified, since every student answers each question only once. Thus, we test a related implication:
if an individual student’s performance is, in expectation, identical on every item after conditioning
on question difficulty, then the individual student’s performance should also be identical on every
sub-set of the test.

Our main results are based on categories found via a k-means clustering algorithm. Intuitively, this
will cluster questions within a grade level according to whether students tend to get them correct /
incorrect together.*’

More precisely, we find the categories using the following procedure:

1. Find every student that took a valid test in a given grade in a given year (e.g. the 8th grade
test in 2012).

2. Reshape the data so that each row is a student, each column is an item from that test, and
each cell is a binary variable that takes a value of 1 if the student correctly answered the item
corresponding to that column.

3. Partition the items into five categories in order to minimize within-partition distance between
the average (across all students) performance within that partition and individual student
performance.*8

4. Repeat steps 1-3 for every other grade and year.

However, our results are not sensitive to this decision. In appendix figure A.1, we show that similar
results obtain if we use content categories provided by the state of Texas, and if we use categories
derived from the item linking algorithm developed in Section 7.

[Figure A.1 about here.]

4INote: the algorithm we use to find these categories is distinct from the one we develop in section 7; however, we
show later on in this appendix that we obtain similar results using the categories from section 7 as well.

“8In practice, we execute this k-means clustering using the off-the-shelf implementation in base R (the kmeans func-
tion) with the “nstarts” parameter set to 25. We chose five categories to match the number of content categories that
the state of Texas attaches to the items.



A.2 Placebo study simulation details

In this section, we describe the details of the placebo study simulations in figures 3 and 4 that are
meant to asses the potential for rank-swapping to emerge as a result of noise alone.*

Student level placebo study. To conduct the placebo study in figure 3, we implement the follow-
ing procedure:

1. Estimate model 5, and denote the standard error for 4;.(q) as S E%.C(q)

2. Re-estimate model 5, but imposing the null hypothesis that 7; = ;) Vc. This yields an
estimate of average performance across all test items for each student: 7;.

3. Draw placebo values for the student-category interactions under the null hypothesis accord-
ing to the following distribution: ¥;c() ~ N (i, SEj,,,, ). Observe that i) is just average
performance, but perturbed by random noise from the sampling distribution of the appropri-

ate category-by-student level interaction term.

4. Plot 4; in the leftmost column (average performance) and plot 7;.(,) under the appropriate
categories in the columns to the right (randomly perturbed average performance).

Teacher level placebo study. The teacher level placebo study on display in figure 4 is constructed
identically to the algorithm described above for students, except that we use the relevant teacher
level equations (i.e. equation 8) and corresponding teacher level parameters (i.e. 0;(;), and d;(;)) in
place of the student level counterparts (i.€. 7c(q) and ;).

A.3 Estimating information loss

For students, we estimate the share of information lost by comparing: (1) the total amount of
variation in performance we can explain while allowing student ability to be different across cat-
egories, to (2) the amount of variation that we can explain under the null of a single latent factor.
Specifically, we do this via an ANOVA type procedure that involves estimating three fixed effect
regressions:

dig = wq + Nig (15)
diq = Wy + Yic(q) + Uiq (16)
diq = Wy + v + €iq (17)

Where w, is a question fixed effect; ;.(q) are student-by-category fixed effects; and ; is a student
fixed effect.

Observe that the residual variance of equation 15 is: var(ni,) = var(Yieq)) + var(ug). Thus the
difference in residual variance between equations 15 and 16 identifies the total amount of variation
in student performance explained when student ability is allowed to vary across categories:

var(niq) — var(uig) = var(viq)) = total variation from multi-dimensional ability. (18)

Similarly, observe that var(e;q) = var(yicq — V) + var(ui). Thus, the difference in residual

“This is also the algorithm we use for the corresponding robustness checks in appendix figure A.1.

3



variance between equations 16 and 17 identifies the variation we overlook when treating ability as
homogeneous:

var(eiq) — var(uig) = var(Yieq) — ;) = variation lost assuming constant ability. (19)

Thus, we can compare these two variance terms to identify the share of the systematic compo-
nent of test performance which is lost by incorrectly assuming student ability is constant across
categories:

var(eiq) — var(ug) _ var(Vie(q) — Vi)

Information loss (%) =
var(nig) — var(uig) var (Yie(q))

(20)

In practice, we estimate the residual variances necessary to calculate information loss using esti-
mates of mean-square error that apply the standard degrees of freedom correction. For example:
var(nig) = mﬁfﬁw where N is the number of student-by-question pairs, and () is the number
of items. Applying the degrees of freedom correction ensures that the resulting estimates of mean
squared error are unbiased: E(var(n;,)) = var(n,,) (Wooldridge, 2010).

For teachers, the procedure is identical, except that we compare the residual variance in student
performance from equation 8 to similar models that assume homogeneous teacher effects: (6; =

5quq).

A.4 Robustness of teacher value-added rank swapping to alternative esti-
mation procedures

In section 5.2, our baseline model uses item-level teacher-value added estimates that (1) are ad-
justed for a classroom shock using an adapted version of the jack-knife leave-year-out procedure
from Chetty et al. (2014a) (see appendix A.6 for details); and (2) only control for baseline ability
using the prior year’s average test score. In figure A.2, we show that the results in the main text
are robust to this decision. In panels (a) and (b), we show that we obtain similar results if we use
the unadjusted fixed effects implied by equation 8. In panels (c) and (d), we show that we obtain
similar results if we use the question-by-lagged score interactions implied by equation 7.

[Figure A.2 about here.]

A.5 Value-Added Controls

Following Chetty et al. (2014a), we control for the following student-level controls: (i) lagged test
scores using a cubic polynomial in prior-year scores in math and reading, interacted with grade
dummies, (i1) demographics, including: ethnicity (six ethnic groups), economically disadvantaged
status (four groups), gender, limited English status (three groups), special education status, and
gifted status. We also include the following class- and school-grade level controls: (i) cubics in
class and school-grade means of prior-year test scores in math and reading interacted with grade
dummies, (ii) class and school-grade means of all the demographic covariates, (iii) class size, (iv)
grade dummies, and (v) year dummies.



A.6 Jack-knife, empirical Bayes procedure for item-level teacher value-add

Recall that, in order to generate estimates of teacher value-added on average test scores that account
for the classroom shock component of teacher value-add variance, Chetty et al. (2014a) develop a
jack-knife empirical-Bayes procedure that effectively generates estimates of value-add for year ¢
by predicting it with teacher value-add estimates from all years other than ¢. To adapt this idea to
the item level, we use teacher value-add on all items in years other than ¢ to predict value-add on
item ¢ in year t.

Formally, let t&aﬁq denote the estimated value-add of teacher j on question ¢ in year ¢.>° Observe
that we can write this estimate as:

tﬁajtq = tUCthq + ejtq (21)

Which just says that our estimate is equal to actual teacher value-add (tvaj;,) plus noise (e;q).

Now, decompose the sampling variation as follows:

€jtq = Tge(t,j) T Ejtq (22)

Where 1)4.(:,5) 18 a year and question specific, classroom component to the item level teacher value-
add variance that does not disappear asymptotically (class sizes are generally capped at 15-30
students in a given year); and ¢j, is residual, mean zero idiosyncratic variation at the teacher-
question-year level.

To eliminate the classroom shock, we take teacher value-add on items estimated in years other than
t, and estimate regressions analogous to equation (6) in Chetty et al. (2014a):

toaj, = Z Z Yrg t0jrg + Ujeg (23)

TET_t ¢'€Q~

Where T"_; is that set of all years of data other than ¢; ()~ is the set of all items given in year 7; and
Ujiq 18 a residual.

Since the classroom component 77,.(; ;) 18, by definition, specific to that classroom (and hence does
not persist across time), we know that:

cov(Nge(t,j), Ngrerr,j)) = 0 Vg, ¢ and V' #t (24)

ONote that in the main text, for simplicity, we suppress the ¢ subscript since we can view it as encoded in the question
index ¢ (e.g. question 1 on the 2016 test would have a distinct index from question 1 on the 2017 test, etc.); however,
it will be useful to make the dependence on time explicit in the notation here.



Thus, we can form estimates of item-level teacher value-added that are free from the classroom
shock by using the estimated parameters from 23 to predict tva;;, similar to the standard leave-
year-out jacknife empirical-Bayes estimates commonly deployed for average scores.

For computational tractability, we compute each of our classroom shock adjusted item-level TVA
estimates using three years years of data — the year prior to the focal test, the year of the focal test,
and the year after the focal test. So for example, to estimate item-level TVA on questions contained
in the 4th grade test in 2015, we would use item-level TVA estimates from the 4th grade tests in
2016 and 2014 to predict item-level TVA in 2015. In practice, this necessitates dropping teachers
who do not have three consecutive years of item data at the relevant grade level. However, this
restriction is not consequential — we find similar results using the “unadjusted” teacher-by-item
fixed effects for the full sample of teachers (see Appendix figure A.2).

A.7 Equivalence of traditional TVA and item-level TVA under homogene-
ity
To see that traditional teacher value-add is, up to a normalization, equivalent to item-level TVA

under homogeneity, observe that if we impose homogeneous teacher effects, then equation 8 be-
comes:

diq = wq + 6](1) + 7TX1‘ + uiq (25)

Now, take the average of 8 with respect to ¢ € 7" to get a traditional teacher value-add model:

Where Y is the average test score |T]~* > ger digp w = |T|~* Y _qer Wq 18 the average item fixed
effect; and e;, = |T|7' >

Note that, because equation 25 is a projection, we have that E(u;q(wq+0;:) +7X;)) = 0. It follows
immediately that E(e;(w + d;¢;) + 7X;)) = 0 and hence equation 26 also identifies ;).

q€T Uig-

Thus we have shown that, up to the normalization typically imposed on test scores prior to es-
timation (i.e. that they be mean zero, standard deviation one) our item level approach is, under
homogeneity, equivalent to the typical approach using average scores.

A.8 Measurement error corrected rank-correlations

Kitagawa et al. (2018) provides a method for constructing bias-corrected estimators of rank corre-
lations in the presence of measurement error using a small error variance approximation. However,
the method requires that the variance of the measurement error is known or assumed. Thus, we ask
how our substantive conclusion that the rank correlation between item-level TVA and TVA on the
aggregate score does not equal one varies with the overall level of measurement error.



More specifically, in figure A.3, we plot the assumed proportion of observed variance attributable
to measurement error (x-axis) against the number of item-level value-add estimates where we
would fail to reject that the Spearman rank correlation equals one using the Kitagawa et al. (2018)
bias-correction method.

We find that there are items exhibiting a statistically significant deviation from one even if we
assume that over 50% of the variation in item-level teacher value-added is due to measurement
error. Thus, our conclusions are robust to a large degree of measurement error in the teacher-level
estimates.

[Figure A.3 about here.]

A.9 Robustness of long run outcome results

In section 6.1 of the main text, we show that there are large information gains to using the exact
answers chosen by students on individual test items in order to predict various short, medium, and
long-run outcomes. In this section, we show that this finding is robust to both: (1) alternative
ways of using the items to predict aggregate achievement; and (2) alternative ways of representing
aggregate achievement. Panel (a) of appendix figure A.4 is identical to figure 5 from the main text,
except that the underlying random forest model uses a binary, right/wrong categorization of the
items (rather than the exact answer) to predict the long-run outcome of interest and compares that
version of an item-based model to the predictive power of the average. Panel (b) of appendix figure
A.4 1s also identical to figure 5 from the main text, except that the benchmark model uses the scaled
scores (theta) from the Texas IRT model (rather than the average score) to predict the long-run
outcome of interest. In both cases, we find results that are substantively and quantitatively similar
to the results in the main text: Models that use items (binary or the exact answer) outperform the
benchmark (average test scores or IRT scaled scores).

[Figure A.4 about here.]

A.10 Split sample IV tests

Students. The single latent factor model implies that predicted values formed using items should
be identical to predicted values formed using aggregates (i.e. that they should land on the 45
degree line if plotted against one another). In section 6.1, we show visual evidence (figure 6) that
the predicted values formed using items often disagree with the predicted values formed using
aggregates. However, some of this disagreement is surely due to sampling variation.

Thus, in this appendix, we formally test a related claim: that the predicted values are not even
similar to one another on average. Clearly, if the predicted values are different on average (in the
sense that the regression slope in figure 6 does not equal 1), then it cannot be the case that with
infinite data every individual observation would land on the 45 degree line; and hence, the single
latent factor model cannot be true.

To formally test this claim, we split the data into two folds. We use fold one to train our ML
algorithm and form predicted values within that fold (}A/agg, Yitem,ﬂ- We then independently train a
second item-level model in fold two, and use that second model to predict student outcomes in the
first fold (ztem’g). Because the models are trained independently, the measurement error will also



be independent across the item-level predicted values: ﬁtem 1 and them 5. This allows us to account
for the measurement error and correct the resulting attenuation bias by estimating the following
2SLS model: Y;gg Bo + B1Yitem1 + €, with first stage given by Y,tem 1 =T+ 7r1Y;t€m 2+ u and
where u L € by construction.

The results are contained in appendix table A.1. We can reject that the slope equals one for every
outcome and at every grade level.

Teachers. Similar to the analysis with students, the single latent factor model implies that teacher
value-added on predicted values formed using items should be identical to teacher value-added on
predicted values formed using aggregates (i.e. that they should land on the 45 degree line if plotted
against one another). In section 6.2, we show visual evidence (figure 7) that teacher value-added
formed using items often disagrees with teacher value-add using aggregates. However, some of
this disagreement is surely due to sampling variation.

Thus, in this appendix, we formally test a related claim: that the teacher value-added estimates are
not even similar to one another on average. Clearly, if the estimates are different on average (in
the sense that the regression slope in figure 7 does not equal 1), then it cannot be the case that, with
infinite data, every individual teacher would land on the 45 degree line; and hence, the single latent
factor model cannot be true.

To formally test this claim, we split the data into two folds within teacher. We next estimate teacher
value-add within each fold to generate two, independent estimates of teacher value add: 0;; ) item,1

and Sj(i,gmem’g. Because the two estimates are generated on different sets of students and adjusted
using the standard jack-knife, empirical-Bayes method to eliminate the common classroom shock,
we know that the two estimates will have orthogonal measurement error. Thus we can account
for the measurement error in the regression slope and correct the resulting attenuation bias by
estimating the following 2SLS model: 5agg Bo + 51 item,1 + €, with first stage given by 5“6,” 1=

7o + T10item,2 + v and where u L € by construction.

The results are contained in appendix table A.2. We can reject that the slope equals one for every
outcome and at every grade level.

[Table A.1 about here.]
[Table A.2 about here.]

A.11 Robustness to using empirical quantiles

To highlight disagreement at the bottom of the distribution between predicted values formed us-
ing items versus aggregates (and teacher value-add on those same predicted values), our preferred
approach in sections 6.1 and section 6.2 follows Petek and Pope (2023) and Rose et al. (2022) by
standardizing the predictions (or, in the case of teachers, TVA on the predicted values) to have
mean 0 and standard deviation 1, and then counting a student (or teacher) in the bottom 5% of the
relevant distribution if the value falls below -1.645. This approach will be exactly correct under
the assumption that the estimates are normally distributed, and has the advantage that it simpli-
fies inference considerably relative to defining the bottom 5% using the corresponding empirical
quantile. However, out of an abundance of caution, in Appendix Tables A.3 and A.4 we redo this
exercise defining the bottom 5 percent using the empirical Sth quantile instead. The results are



virtually unchanged.

[Table A.3 about here.]
[Table A.4 about here.]

A.12 Details of bootstrap procedure

Bootstrap algorithm for disagreement shares in table 4

Formally, the bootstrap algorithm proceeds as follows:

—_—

Randomly split the data into train (75%) and test (25%) folds.
Estimate models (10) and (11) in the training fold.

3. Use the estimated models to form predicted values using aggregate scores ()A/Z-) and items ()N/i)

in the hold-out sample.

Estimate the standard error of the predicted values by regressing the outcome on the pre-
dicted values out of sample in the test fold. Call these standard errors SEy. and SEy; .

. Draw “placebo” predicted values for items and aggregate scores under the null that the pre-

dicted value for the item based model is identical to the predicted value from the aggregate
based model. Formally, for the aggregate score model we draw the placebo predicted value
as: x; ~ N(Y;, SEy. ). For the item based model we draw the placebo predicted value as:

z ~ N(Y;, SEy,).
Calculate the bottom 5% disagreement share using the placebo predicted values z; and z;

which, by construction, can only differ from one another as a result of the measurement
error in the predicted value of the respective random forest models.

. Repeat steps 5 and 6 for 1,000 iterations.

8. Calculate the bootstrap p-value as the share of placebo disagreement shares that are larger

than the disagreement share observed in the actual data (specifically, the fraction of placebo
disagreement shares larger than the corresponding number in the 12-17 column of table 4).

Bootstrap algorithm for disagreement shares in table 5

Formally, the bootstrap algorithm proceeds in two stages. In stage one, we estimate a bootstrap
standard error for each teacher’s value-add that incorporates the sampling variability from the
random forest estimation step.’! In stage 2, we generate a distribution of disagreement shares
under the null of no-disagreement using the sampling distribution implied by stage 1.

Stage 1: Estimating the sampling variability in teacher value-add

1.

2.

Use the predicted values and standard errors from the “student” bootstrap algorithm de-
scribed earlier in this appendix to draw “perturbed” predicted values: For the aggregate
score based model, we draw these placebo values as z; ~ N(Y;, SEy. ). For the item based

model we draw the placebo predicted value as: z; ~ NV (f/;, SEy.).

Estimate jack-knife, empirical-bayes estimates of teacher value-add using the perturbed val-

>INote that this is not trivial, since we are using the jack-knife empirical-bayes procedure from Chetty et al. (2014a).

9



ues as the outcome: (5]», Sj)
3. Repeat steps 1 and 2 for 1,000 iterations.

4. Calculate the standard deviation of the distribution of item level estimates for each teacher’s
value-add (S Dj»tem) and the standard deviation of the distribution of aggregate score based
estimates for each teacher’s value-add (SD;-‘gg ). These parameters quantify the sampling
variability in the teacher value-add estimates emerging from the random forest estimation
step.

Stage 2: Estimating a bootstrap p-value for the disagreement share

1. Draw placebo estimate of teacher value-add under the null that the teacher’s value add using
predicted values from items is equal to their value-add found using predicted values from
the aggregate score: x; ~ N (9;, S D?gg ) for the estimate based on the aggregate score, and

zj ~ N(0;,S Di*e™) for the estimate based on the items.

2. Calculate the bottom 5% disagreement share using the placebo teacher value-add estimates
x; and z; which, by construction, can only differ from one another as a result noise.

3. Repeat steps 1 and 2 for 1,000 iterations.

4. Calculate the bootstrap p-value as the share of placebo disagreement shares that are larger
than the disagreement share observed in the actual data (specifically, the fraction of placebo
disagreement shares larger than the corresponding number in the 12-17 column of table 5).

A.13 Additional tables and figures
[Table A.5 about here.]
[Figure A.5 about here.]
[Table A.6 about here.]
[Table A.7 about here.]
[Figure A.6 about here.]
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B Proof of Proposition 1

To show that 1 = 2, first assume that the single latent factor model is true. Note that the single
latent factor, 0;, is identified as long as |T'| > 2 (Cunha et al., 2010). Consider the corresponding
aggregator: a(D;) = 0;. Observe that the single latent factor model implies that, for any decision
D and associated prediction exercise (Y'), we must have that D;|0; L Y;. Therefore, it must be that
for any alternative aggregator such that a(D;) # 6;, we have that MSEy () < MSEy (@), which
shows that a(D;) = 6; is optimal for every decision.

To show that 2 = 1, we consider two decisions with observable features Z and Y and assume
by way of contradiction that there is more than one non-trivial latent factor (6; and 6,), where by
non-trivial we have in mind that the latent factors are differently predictive with respect to Y and
Z: MSEy(E(Zwl,QQ)) > MSEY(E(Y|91,02)) Observe that D,|(912,02l) 1 Y;. Z;,. Thus, the
optimal aggregator for Y must be such that a*(D;) = E(Y|D;) = E(Y|0y;,0s;). Now suppose
there is a single optimal aggregator. Then it must also be that a*(D;) = E(Z|D;) = E(Z|64:, 02;)
and hence we have shown that, if a single optimal aggregator exists, [E(Y'|01;, 62;) = E(Z|614, 02;)-
But this contradicts our assumption that there are two “non-trivial” latent factors. Hence, the single
latent factor model must hold.

11



(a) State Categories: Actual (b) State Categories: Placebo

(¢) Categories from Section 7: Actual (d) Categories from Section 7: Placebo

Figure A.1: Hidden structure in student performance: Robustness to alterna-
tive categorizations

Notes: These figures are identical to those contained in figure 3 from the main text, except that they use different
categorizations of the underlying items. More precisely: the categories used to construct panels (a) and (b) of
this figure are created using off-the-shelf content categories provided by the state of Texas; while the categories
used to construct panels (c) and (d) are constructed using the item-linking algorithm developed in section 7. In
both cases, we find substantively similar results.
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(a) Actual distribution: no shock adjustment  (b) Placebo distribution: no shock adjustment

(c) Actual distribution: lag-score interactions (d) Placebo distribution: lag-score interactions

Figure A.2: Robustness: TVA rank-swapping

Notes: These figures are identical to figure 4 from the main text except that in panels (a) and (b) the fixed effects
from model 8 are not adjusted for the classroom shock; and, in panels (c) and (d), the value-add measures are
generated using models that include baseline-score by question interactions as would be implied by equation 7.

13



Figure A.3: Sensitivity to measurement error: Rank correlations

Notes: This figure displays the number of item level teacher-value add estimates exhibiting a rank-correlation
with traditional value-add that is different from one under different assumptions about the degree of measure-
ment error (Kitagawa et al., 2018). Specifically, we plot the assumed proportion of observed variance attributable
to measurement error (x-axis) against the number of items where we would fail to reject that the Spearman rank
correlation equals one using the Kitagawa et al. (2018) bias-correction method. We find that there are items ex-
hibiting a statistically significant deviation from one even if we assume that over 50% of the variation in teacher
value-added is due to measurement error. This suggests our conclusions are robust to large degrees of measure-
ment error.
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Figure A.4: Robustness: Hidden information about decisions

Notes: This figure shows that the results contained in figure 5 are robust to both: (1) alternative ways of using the
items to predict aggregate achievement; and (2) alternative ways of representing aggregate achievement. Panel
(a) is identical to figure 5 from the main text, except that the underlying random forest model uses a binary,
right/wrong categorization of the items (rather than the exact answer) to predict the long-run outcome of interest.
Panel (b) is also identical to figure 5 from the main text, except that the underlying random forest model uses the
scaled scores (theta) from the Texas IRT model (rather than the average score) to predict the long-run outcome of
interest. In both cases, we find results that are substantively and quantitatively similar.
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Figure A.5: Distribution of Rank Correlations between Items and Aggregates

Notes: These figures show the distribution of rank correlations when using aggregates versus items. Figure
A.5(a) displays the distribution of rank correlations of a student’s average performance on a test and the 5 test
sub-categories (categories are constructed using k-means clustering). This figure includes grade 4-8 tests in 2017
and 2018 and so groups 50 rank correlations. The average rank correlation we find is 0.75. Similarly, Figure
A.5(b) shows the distribution of rank correlations for a teacher’s VA on the average test score and a teacher’s VA
on each individual item. We do this exercise for one test (grade 4 in 2016) and so the histogram groups 50 rank
correlations. As in Figure 4, the ranks are calculated among 2,280 fourth grade teachers. The average rank cor-
relation we find is 0.66. 16



Figure A.6: Items vary in the amount of signal they hold for teacher value-add
on different long-run outcomes

Notes: This figure demonstrates that different test items carry different amounts of signal about teacher value-
add on different outcomes. In this figure, the x-axis denotes teacher value-add on item-level predicted values
for high-school graduation as the left hand side variable. The y-axis denotes teacher value-add on item-level
predicted values from model (10) with college attendance as the left hand side variable. Thus each observation
is a teacher. Predicted values are standardized within year-and-outcome to have mean zero, standard deviation 1
prior to plotting. The wide dispersion in the data implies that some items carry different predictive power over
different outcomes and hence there cannot be a single, optimal aggregator.
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Table A.1: 2SLS Predicted values from item model on the aggregates (students)

2012 2013 2014 2015 2016 2017 2018 2019 12-17 P-Value Obs.

Panel A: Predicted graduation

Grade 4 0.86 0.85 0.86 0 114,749
Grade 5 091 086 0.87 0.88 0 177,437
Grade 6 0.82 080 087 0.85 0.84 0 231,293
Grade 7 0.78 078 083 0.80 0.84 0.82 0 283,090
Grade 8 082 087 084 090 091 094 0.92 0 344,113
Panel B: Predicted college
Grade 4 0.91 0.91 0 57,990
Grade 5 095 093 0.94 0 118,376
Grade 6 095 093 094 0.94 0 172,817
Grade 7 0.88 087 091 0.89 0.89 0 223,293
Grade 8 088 093 091 096 094 0.93 0 276,778
Panel C: Predicted wages
Grade 8 0.92 0.92 0 39,284
Panel D: Predicted disc. infr.
Test grade4 0.83 080 083 084 088 0.85 0.83 0.84 0 403,569
Test grade5 090 0.89 087 092 091 093 091 0.91 0 409,260
Testgrade6 091 092 091 089 090 0.89 092 0.91 0 404,919
Test grade7 0.86 0.87 087 085 086 0.87 091 0.87 0 396,855
Testgrade8 0.85 094 089 095 094 091 094 0.92 0 406,013
Panel E: Predicted pass/fail class
Grade 4 092 094 094 092 095 093 094 096 0.94 0 2,078,976
Grade 5 096 094 095 097 1.01 097 1.01  0.99 0.97 0 2,159,728
Grade 6 088 094 094 091 090 090 091 094 0.92 0 1,251,104
Grade 7 091 092 094 092 087 089 092 0091 0.91 0 1,967,294
Grade 8 087 097 092 094 094 095 096 095 0.94 0 1,723,489

Notes: This table provides evidence that the points in figure 6 do not lie on the 45 degree line. To formally test this claim, we split the data into two folds. We
use fold one to train our ML algorithm and form predicted values within that fold (Yagg, )A/item,l). We then independently train a second item-level model in
fold two, and use that second model to predict student outcomes in the first fold (Y;'temvg). Because the models are trained independently, the measurement
error will also be independent across the item-level predicted values: Yite,,u and Y/j,tem,’g. This allows us to account for the measurement error and correct the
resulting attenuation bias by estimating the following 2SLS model: Yagg = Bo + B Yitem,l + €, with first stage given by f@-tam,l =7y + mfﬁtem,g + u and
where u L € by construction. This table presents slope coefficients from this regression for every year-outcome-grade level combination. The column labeled
“12-17” pools across years, within an outcome-grade level. The p-value is from a formal test of whether the coefficient in the “12-17” column equals 1. We
reject that the slope equals one for every outcome and at every grade level.
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Table A.2: 2SLS Predicted TVA values from item model on the aggregates (teachers)

2013 2014 2015 2016 2017 2018 13-18 P-Value Obs.

Panel A: Predicted graduation

Grade 5 1.06 1.06 0 1,845
Grade 6 1.01 1.12 1.11 0 2,424
Grade 7 092 1.15 1.20 1.02 0 3,376
Grade 8 1.05 1.10 158 129 1.08 0 5,010
Panel B: Predicted college
Grade 6 1.12 1.12 0 975
Grade 7 093 1.10 0.89 0 1,890
Grade 8 1.06 1.21 1.45 1.23 0 3,361
Panel C: Predicted disc. infr.
Test grade4  1.39 1.39  1.55 1.33 1.32 1.12 0 11,861
Test grade 5 1.21 1.13 1.14 118 1.23 1.09 0 9,898
Testgrade 6 1.09 1.21 1.07 094 096 1.03 0 7,185
Testgrade 7 098 1.07 1.17 130 1.19 0.94 0 6,348
Test grade 8 1.05 1.04 1.31 1.36  1.15 1.19 0 6,596
Panel D: Predicted pass/fail class
Grade 4 .27 132 114 1.19 1.11 1.19 1.01 0 12,775
Grade 5 .18 124 126 127 116 1.26 1.04 0 10,947
Grade 6 094 101 097 090 096 0.98 1.07 0 8,706
Grade 7 083 1.07 096 083 0.77 0.83 1.08 0 7,940
Grade 8 091 086 107 1.13 1.06 1.16 1.12 0 8,140

Notes: This table provides evidence that the points in figure 7 do not lie on the 45 degree line. To formally test this claim, we split the data into two folds within
teacher. We next estimate teacher value-add within each fold to generate two, independent estimates of teacher value add: gj(i,g),item,l and Sj(i’g)’item,g.
Because the two estimates are generated on different sets of students and adjusted using the standard jack-knife, empirical-Bayes method to eliminate the
common classroom shock, we know that the two estimates will have orthogonal measurement error. Thus we can account for the measurement error in the
regresswn slope and correct the resulting attenuation bias by estimating the following 2SLS model: 6agg = Bo + P10 Amm 1 + €, with first stage given by
5ztem 1 =T+ ™ 5”em 2 + u and where u L € by construction. The column labeled “13-18” pools across years, within an outcome-grade level. The p-value
is from a formal test of whether the coefficient in the “13-18" column equals 1. We reject that the slope equals one for every outcome and at every grade level.
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Table A.3: Robustness to Defining the Bottom 5% Using Empirical 5th Quantile (Students)

2012 2013 2014 2015 2016 2017 2018 2019 12-19 Obs.

Panel A: Predicted graduation

Grade 4 542%  49.3% 48.4% 114,761
Grade 5 478% 524% 51.7% 50.4% 177,415
Grade 6 559% 58.5% 55.6% 54.0% 55.8% 230,523
Grade 7 552% 555% 53.1% 533% 58.4% 55.1% 279,675
Grade 8 52.6% 51.6% 54.0% 46.6% 45.7%  50.7% 50.1% 320,374
Panel B: Predicted college
Grade 4 45.9% 45.9% 57,978
Grade 5 477%  50.3% 45.9% 118,360
Grade 6 51.0% 55.1% 50.8% 49.0% 172,082
Grade 7 52.0% 524% 49.7% 47.9% 51.3% 221,763
Grade 8 498% 464% 50.7% 46.0% 43.8% 47.1% 258,497
Panel C: Predicted wages
Grade 8 62.1% 62.1% 39,284
Panel D: Predicted disciplinary infraction
Test grade 4 50.5% 502% 47.6% 443% 48.5% 559% 55.9% 50.4% 403,639
Testgrade 5 38.1% 48.4% 439% 43.7% 43.0% 40.8% 40.2% 44.8% 409,265
Testgrade 6 41.1% 47.4% 459% 43.0% 46.5% 45.6% 47.8% 49.1% 403,907
Testgrade 7 57.3% 553% 579% 57.7% 58.7% 69.6%  58.5% 64.4% 391,744
Test grade 8 48.5% 495% 48.1% 79.0% 57.7% 573% 58.1% 61.2% 376,267
Panel E: Predicted pass class
Grade 4 368% 333% 34.6% 358% 34.1% 34.0% 342% 365% 35.0% 2,078,976
Grade 5 394% 37.8% 35.0% 365% 343% 364% 34.6% 32.1% 358% 2,159,728
Grade 6 50.8% 489% 46.0% 51.4% 53.8% 539% 52.5% 51.6% 51.1% 1,251,104
Grade 7 51.6% 51.6% 48.0% 529% 54.6% 56.1% 50.5% 53.9% 52.6% 1,967,294
Grade 8 55.0% 51.6% 549% 492% 52.8% 52.8% 52.77% 533% 53.6% 1,723,489

Notes: This table is identical to table 4 in the main text, except that we define the bottom 5% using the empirical 5th quantiles. The results are virtually
unchanged.
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Table A.4: Robustness to Defining the Bottom 5% Using Empirical Sth Quantile (Teachers)

2012 2013 2014 2015 2016 2017 2018 2019 12-19 Obs

Teacher value-added on:

Predicted graduation 443% 42.1% 48.6% 41.3% 43.8% 40.0% 44.9% 68,933
Predicted college attendance 41.6% 39.1% 40.6% 41.6% 34.6% 39.6% 42,007
Predicted disciplinary infraction 41.3% 42.0% 41.7% 39.6% 42.6% 42.8% 44.7% 42.1% 148,105
Predicted pass/fail class 383% 40.7% 404% 388% 37.8% 389% 371% 36.8% 38.5% 608,000

Notes: This table is identical to table 5 in the main text, except that we define the bottom 5% using the empirical 5th quantiles. The results are virtually
unchanged.



Table A.5: Coverage of Long-Term Data Linkage

Last Year Cohorts Match Rate for Match Rate for
of Data Covered® Test-Taker Sample VA Sample
ey ) 3) “)
Graduation® 2011-12to  Entering 4*" grade 55%
2012-13  in 2012-13 or before (332,643 of 607,826)
College-Going® 2011-12to  Entering 4*" grade 55%

2011-12  in 2012-13 or before (332,643 of 607,826)
High School Outcomes:*©

Absences 2003-04 to N/A Entering 3" grade 72%
2016-17 in 2008-09 or before (639,035 of 885,235)
GPA 2003-04 to N/A Entering 3" grade 69%
2016-17 in 2008-09 or before (612,478 of 885,235)
‘Effort” GPA 2003-04 to N/A Entering 3"¢ grade 56%
2016-17 in 2008-09 or before (490,983 of 885,235)
Days Suspended 2003-04 to N/A Entering 3"¢ grade 74%
2016-17 in 2008-09 or before (653,005 of 885,235)
Held Back 2003-04 to N/A Entering 3"¢ grade 68%
2016-17 in 2008-09 or before (601,338 of 885,235)

2 For example, if third grade cohorts from 2007-08 and before are covered, then the linkage will include: third grade students 2003-04
through 2007-08, fourth grade students 2003-04 through 2008-09, and fifth grade students 2003-04 through 2009-10.

b Graduation is coded as one if a student graduates or receives a special education certificate and zero if the student is coded as a dropout
in the graduation data files. If the student is not present in these data files the student is coded as missing. Graduation also omits the
2003-04 fifth grade cohort as this cohort is not covered since the data does not start until 2011-12. € For high school outcomes we
require the student’s cohort to reach the end of eleventh grade by 2016-17. To be in these data we must observe a high school transcript
(grades 9-12) for the student for at least one term. Days suspended are total days suspended during a student’s high school career, with
these data being universal (conditional on observing at least one transcript) since we assume you were not suspended if you have a tran-
script but no suspension record. Absences similarly record the total number of absences over a student’s high school career, although
we note that there are some students who have a transcript but are missing absence data. GPA is the average GPA over a student’s high
school career, although we cannot construct GPA for some student-term observations due to letter grades not being recorded in the tran-
script (e.g., grades coded as pass/fail); ‘effort” GPA is constructed analogously. Held back is constructed as an indicator variable when a
student’s high school grade is the same in two consecutive years; this requires us to observe valid transcripts for two consecutive years
and so data coverage is not universal for this outcome.
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Table A.6: Classification accuracy: items and aggregates

Yogg =1 Yog9 =0
actual 0.831 0.544
Yiiem =1 item 0.830 0.573
agg 0.828 0.471

actual 0.477 0.442
Yiiem =0 item 0.438 0.406
agg 0.578 0.459

Notes: This table plots actual graduation rates, expected graduations using the item-based model, and expected
graduation rates using the aggregate score-based model, for cases where the item-based model and the aggregate
score-based model agree and disagree. Specifically, Y,,, = 1 denotes cases where the aggregate score based
model predicts a greater than 50% likelihood of the student graduating, with Y4, = 0 denoting the opposite.
Yitem 1s defined identically. Rows labeled “actual” give the actual graduation rates of students in that cell. Rows
labeled “item” give average graduation rates using the classification from the item based model. Rows labeled
“agg” give average graduation rates using the classification from the aggregate based model. While both models
have similar accuracy in cases where they agree, the item model gives expected graduation rates that are closer to
actual graduation rates in cases where they disagree.
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Table A.7: Formal Tests of “No Information Gain” Null Hypothesis

p = P(E>f | Hy: MSE(Y, Yien) > MSE(Y, Yay,))
Grade4 Grade5 Grade6 Grade7 Grade8  All grades (Joint Test)

Wages 0.39 0.39
College 0.04 0.06 0.03 0.00 0.00 0.00
High School Graduation 0.25 0.12 0.02 0.00 0.00 0.00
Discipline Infraction 0.06 0.03 0.00 0.01 0.02 0.00
Course Failure 0.43 0.66 0.03 0.04 0.16 0.01

Omnibus test (all grades and all outcomes): 0.00

Notes: This table shows that the extra information in the raw test items is connected to important long-run outcomes. Formally, this table displays p-values
from tests of the “no information gain” null hypothesis described in section 6.1. Jointly tested across all grades and long-run outcomes, we can reject the
null of no information gain. Moreover, we can also reject the null of no information gain for nearly all (22 out of 26) of the individual grade-by-outcome
combinations.
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