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Abstract

Standard test scales aggregate item responses, obscuring the fact that some questions are far
more predictive of economically relevant outcomes than others. We digitize item (question)
content for ~ 3,500 items and ~1 billion student—item records linked to Texas administrative
data. We document wide variation in how strongly different items predict later-life earnings
and schooling outcomes, and we show that alternative achievement scales that aggregate items
by these estimated “skill prices” (weights) yield estimated racial achievement gaps roughly 50%
larger than given-score gaps while significantly reorder individual student rankings. To interpret
what these prices capture, we bring modern machine learning and Al tools to item texts. We
embed each item using state-of-the-art sentence encoders and estimate a flexible text-to-price
mapping; we then use gradient-guided local comparative statics in embedding space with a
embedding inverter to generate minimal variants of items, which we use to surface interpretable
skill differences. We show that the digitized item texts have substantial incremental explanatory
power for variation in these item skill prices, beyond their psychometric characteristics and
assessment metadata. Finally, we construct a novel text-based mapping of items to the Common
Core State Standards, highlighting the importance of procedural and multi-step mathematics
skills in driving outcomes.
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1 Introduction

Standardized test scores are frequently used in social science and public policy for tracking student
progress, evaluating policy, and assessing school and teacher contributions to learning. At their
core, these scores collapse rich item-level responses into a single scalar via particular aggregation
rules. From the point of view of social science and public policy, the problem is that the aggregation
rules underpinning these scores do not leverage the fact that some questions are far more predictive
of key outcomes including wages and educational attainment than others.!

To illustrate this, Figure 1 displays the raw log-wage difference, roughly one decade after testing,
between correct and incorrect responders to each item (question) for the universe of Texas public
school 8th graders in 1996. While some questions show an earnings difference of +10%, others have
a difference of +50%. This variation suggests that item-level responses contain valuable information
that can deepen our understanding of human capital accumulation in K-12 education. To that end,
the central question we pursue is: What item characteristics explain this variation, and how can
we map such explanatory factors to legible, policy-relevant skills? That is, we seek to explain and

understand the variation depicted in Figure 1.

Figure 1: Item-level Raw Wage Returns for 8th Graders in 1996
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Notes: This figure plots for each item (test question) administered to 8th graders in 1996, the difference
in log wages at age 25 between students who answer each item correctly versus those who do not. Items
are ordered in the value of this difference. Panel (a) of Figure 2 presents an analogous graph pooling
all items across grade-years in our analytic sample, showing essentially the same range of differential
returns.

To this end, we propose a two-stage item-anchored framework. In the first stage, adapting and
improving the approach taken in Nielsen (2019, forthcoming), we estimate alternative achievement
measures by weighting items according to their predictive “skill prices” for a specified outcome (e.g.,
wages), yielding “item-anchored” achievement measures that (1) are in interpretable outcome units
and (2) are responsive to the item-outcome relationships. In the second stage, we interpret these
weights (skill prices) through two complementary approaches: one that aggregates the item weights
to a detailed taxonomy of skills defined by the Common Core State Standard (CCSS) curriculum

(quantitative reasoning, reading comprehension, vocabulary, problem solving); and one that uses

ITo be clear, this is not a criticism of psychometrics per se; test designers do not have data on item-outcome
relationships nor do they have any remit to consider such information.



artificial intelligence methods applied to the item texts and weights to generate interpretable skill
groups without pre-specifying features. Throughout, we illustrate the framework with wages as the
anchor outcome, while noting that the same approach applies to other outcomes such as college
attendance, attainment, graduation, and so on.

In order to construct achievement measures that highlight skills linked to economic outcomes,
our paper leverages a unique combination of data sources. First, we collect and digitize over 3,500
standardized achievement test questions administered to around 12 million students in grades 3-12
in the state of Texas. We link these text data to ~1 billion student—item records that are also
linked to longitudinal administrative data (enrollment, completion, and earnings). Finally, we map
individual test questions to detailed skill taxonomies of the CCSS, which codifies over 600 skills in
English Language Arts (ELA) and Mathematics.

We leverage these data in the first stage to estimate item prices, the contribution of each test
item to an outcome, expressed directly in outcome units, by projecting the anchor outcome (e.g.,
log wages) on the vector of student item response to the math and ELA standardized tests, together
with covariates.? In our baseline linear specification, an item’s estimated price (weight) is simply
the coefficient estimate on that item’s correct-answer indicator in an OLS regression of the anchor
outcome on the item indicators and controls. Thus, the item’s price is the expected difference in
the anchored outcome between answering the item correctly versus incorrectly, holding other items
and covariates fixed. We show that our item weight estimates are robust to several alternative spec-
ifications (e.g., county vs. commuting-zone fixed effects, restricting to white males, ridge/LASSO),
and they provide transparent, interpretable weights that preserve item-level information for the
achievement measure we use downstream in the second stage.

We illustrate how the use of our estimated skill prices has significant implications for two stan-
dard objects frequently studied in applied work: mean achievement gaps across groups and achieve-
ment ranks across individuals. In doing this, we update and extend the method developed in Nielsen
(2019, forthcoming) to a new setting. Using achievement scores anchored at the item level to wages,
we find white-Hispanic and white-Black gaps that are about 45% larger in relative terms as those
calculated from the given, psychometric scores.? These differences arise because Black and Hispanic
students perform worse on test items that are particularly predictive of earnings yet emphasized
relatively less by the given test scale.

The item-anchored scores also significantly reorder student rankings relative to the given test
scores. Within a given test score ventile, the 90% range of the item anchored scores often exceeds
2 SD. The item-anchored scores thus disagree fundamentally with the conventional scores as to
which students are doing well and which are doing poorly. These empirical results and those on
racial /ethnic achievement differences echo those in Nielsen (2019, forthcoming) in a new context

with substantially more data and policy relevance.

2The covariates include student demographics (race/ethnicity, gender, free or reduced-price lunch (FRPL) status),
language status (ESL), year fixed effects, and commuting-zone fixed effects to capture local labor-market access.

3We correct for attenuation due to measurement error in the item-anchored scales using a split-half IV reliability
adjustment (odd/even items) as in Nielsen (2019, forthcoming). See Section 5 for more details.

“Nielsen (2019, forthcoming) uses the National Longitudinal Survey of Youth 1979, a panel survey of roughly



Having constructed economically anchored item weights, we turn to the primary motivating
question of the paper: What characteristics of a test item make it highly predictive of long-run
outcomes? As stated above, we approach this question using two complementary methods: an
item-to-curriculum matching and an “assumption-free” model-guided discovery approach which
seeks to learn a flexible representation of what the item is testing and to generate interpretable
hypotheses about skill dimensions that are not well captured by predefined taxonomies. Together,
these approaches move us from which questions matter to what skills those questions measure,
providing a way to connect outcome-anchored achievement back to instructional content and to
potential new skill hypotheses.

To implement the curriculum-based approach, we map each test item to a detailed list of CCSS
standards based on the item’s content. This step is only possible because we recover the underlying
text and structure for the test items and the full list of CCSS standards by digitizing both. To
our knowledge, this is the first paper to present a general, algorithmic method for mapping any
item to any skill taxonomy based on commonalities in their texts/structures. We then estimate
“price” of each CCSS skill as the average item weights of those items mapped to it. We find a
striking concentration of high-price CCSS skills in mathematics, and, within math, a clear tilt
toward procedural, multi-step computation (e.g., formula application, coordinate representations)
rather than more conceptual or interpretive tasks. Among reading skills, identification of texts’
main ideas has the highest price compared to alternatives such as analyzing tone, citing textual
evidence, or determining word meanings. These results provide a first, standards-based account of
which scholastic skills are most predictive of long-run outcomes in our setting.

To go beyond predefined skill taxonomies, we implement a model-guided discovery approach that
treats the text and structure of each item—its stem, text, response options, and supporting material—
as data. Using the digitized items, we convert each question into a machine-readable representation
and estimate a flexible prediction model that maps this representation to the item’s estimated price.
The goal is not to replace the standards-based mapping, but to complement it: while the CCSS
provides an interpretable benchmark, the text may encode additional dimensions of what an item
demands that are not well captured by a fixed list of skills. We show that models trained on
item text and structure can explain meaningful variation in item prices beyond standard item
metadata and psychometric characteristics, suggesting that the language of the question contains
economically relevant information about what is being measured. Finally, we use this learned
mapping as a hypothesis-generation tool: by comparing or generating “nearby” questions that the
model predicts will have higher versus lower prices, we can surface potentially new candidate skill
dimensions that can then be evaluated with targeted validation and human review.

The paper proceeds as follows. Section 2 introduces the two-stage item-anchored framework
and defines anchored achievement and item prices; Section 3 covers the student—item linkage, and

digitization of items; Section 4 formalizes estimation of the first stage prices; Section 5 revisits

12,000 youth who were teenagers in 1980. The test items used in that paper come from the Armed Forces Qualify
Test, which was administered to each survey respondent only once.



gaps and ranks under anchoring versus conventional scales; Section 6 interprets prices via CCSS
and psychometric features; Section 7 models item text/structure and uses pseudo items to generate

testable skill hypotheses; Section 8 concludes.

1.1 Prior Literature

This paper touches on many different literatures in economics, education, psychometrics, machine-
learning/Al, and policy. We give an overview of these connections in this section.

This paper is most directly connected to Nielsen (2019, forthcoming). That paper is the first to
argue that (1) the psychometric aggregation of items throws out economically valuable information
and (2) aggregating items based on their observed relationships with economic outcomes can paint
a very different picture of both individual and group-level achievement differences. Nielsen (2023b)
and Nielsen (2025b) then demonstrate that inferences about the variability of achievement are also
sensitive to item aggregation, with item-anchored scores calling into question many widely-cited
results.’

Bruhn et al. (2025) likewise argues for information loss from item aggregation using more recent
cohorts of the Texas data than we do and focusing more on shorter-run outcomes such as school
discipline, course performance, and school completion. Bruhn et al. (2025) further shows that
item-level analyses significantly alter teacher value-added estimates and that, absent item content -
including text -, item-specific teacher value-added patterns can be used to link substantively similar
items across years/cohorts.

Our paper connects also to a burgeoning literature in psychometrics and economics on the
use of item-data. On the psychometric side, these papers argue in a variety of contexts that
standard scale scores may throw away useful information /nuance in how skills are measured. Gilbert
et al. (2025), Ahmed et al. (2025), and Gilbert et al. (2024) show that “item-level heterogeneous
treatment effects” (IL-HTE) are pervasive; interventions often differentially impact specific items
or subdomains of a test, rather than affecting the latent achievement construct uniformly. Gilbert
et al. (2025) proposes to use item-level covariates and sub-scale interactions to explain residual
variation in the item effects. Kapoor et al. (2025) shows that LLM embeddings of item text can
provide accurate predictions of item difficulty, thus giving a “proof of concept” of the approach
we take in this paper to relate such embeddings to our estimates of the economic usefulness of the
items. On the economics side, recent research has used item-level data to evaluate the academic
returns to cognitive endurance (Reyes, 2025), identify “coachable” items (Reyes et al., 2024), as
well as understand the effect of differential representation on test performance (Lee and Schaelling,

2025). Relative to these literatures, our paper differs in (1) its focus on explaining the economic

®One of the results in Nielsen (2019, forthcoming) finds that item-predicted white-black differences in labor market
outcomes are equal to observed gaps in these outcomes, but this does not occur for household income gaps. Another
finding therein is that individual achievement ranks shift notably under different, economically-motivated aggregation
schemes. Nielsen (2023b) argues that males do not consistently show greater variability in achievement using item-
anchored scores, while Nielsen (2025b) shows that the variability of item-anchored achievement increases dramatically
as children progress through school, with clear implications for analyses that standardize achievement scores to have
a unit variance for each grade/age.



importance of the items (item-outcome correlations), (2) its greater use of LLMs and machine
learning approaches to both digitizing, analyzing, and interpreting the data, and (3) its focus on
achievement measurement rather than treatment effect heterogeneity.5

Regarding our model-guided discovery approach, our paper builds on recent work in machine
learning and artificial intelligence (Ludwig and Mullainathan, 2024, BehnamGhader et al., 2024,
Kapoor et al., 2025, BehnamGhader et al., 2024). Conceptually, our method adopts the gradient-guided
morphing idea of Ludwig and Mullainathan (2024) to text rather than images. For this adaptation
we need to overcome two challenges: (i) estimate a smooth, on-support map from sentence embed-
dings to item prices so that local gradients have an economic interpretation; and (ii) translate small
representation-space moves into minimal, content-valid edits to the original item text using a con-
strained, embedding-conditioned editor, with embeddings kept compact enough that this inversion
works reliably in practice. To do this, we build representations following the sequence-encoding
setup in Du et al. (2024) and use LLM-based encoders in the spirit of LLM2Vec to obtain stable
sentence vectors (see BehnamGhader et al. (2024)). Our method also works as an interpretable
alternative to HotFlip-style gradient changes (Ebrahimi et al., 2018). In the space of using text
and embeddings for predicting item-level characteristics, our paper fits along with Kapoor et al.
(2025), which predicts difficulty of items with an embedding projected to a PCA and evaluated in
a ridge model. We add to the idea of using embedding representation models for predicting item
characteristics a method to translate features detected by the model.

Our analysis mapping items and item weights to the Common Core State Standards (CCSS)
(Association et al., 2010) speaks to the extensive debate in both academic and policy circles sur-
rounding these standards and curriculum construction more generally.” By revealing a completely
new aspect of these standards — their widely varying correlations with earnings and other outcomes
— our paper both highlights the context-dependent nature of curriculum construction and suggests
that some curricular reorientation to high-estimated-return standards might be beneficial.

Finally our paper relates to the large literatures within economics that seek to understand the
role that skills/human capital play in determining earnings,® health,”, and many other outcomes.'’
Relative to this literature, our approach will tend to find an even greater role for skill in explaining

outcomes because we generate scoring rules designed to maximize the explanatory power of the

50ur paper contributes also to broader literatures in both economics and psychometrics about the measurement of
achievement and the properties of standardized test scores. In particular, past research has argued that psychometric
scales do not have a cardinal interpretation (Lord, 1975, Jacob and Rothstein, 2016, Cunha et al., 2021) and that
standard results in economics might be sensitive to economically arbitrary scaling choices (Cunha et al., 2010, Bond
and Lang, 2018, 2013, 2019, Schroder and Yitzhaki, 2017, Nielsen, 2025a, 2023a).

"See, e.g., Costrell (1997), Schmidt and Houang (2012), Porter et al. (2011), Cobb and Jackson (2011), Hiebert
and Mesmer (2013), Opfer et al. (2016), Blazar et al. (2020), Hahm (2026).

8See Heckman and Kautz (2012), Chetty et al. (2011), Hanushek and Woessmann (2008), Heckman et al. (2006),
Altonji and Pierret (2001), Cawley et al. (2001), Neal and Johnson (1996), Murnane et al. (1995) among many others.

9See Cutler and Lleras-Muney (2010), Christopher Auld and Sidhu (2005), Kaestner and Callison (2011), Mocan
and Altindag (2014).

10Ty particular, test scores predict criminal/antisocial behavior (Mears and Cochran, 2013, Ttofi et al., 2016,
Heckman et al., 2006, Chen et al., 2025), fertility /family outcomes (Kolk and Barclay, 2019, Mansour and McKinnish,
2014, Shearer et al., 2002), among many others.



test scale for the chosen anchor outcome. Our framework, which assumes that different outcomes
by construction correspond to different achievement scales and human capital definitions echos
Deming (2023) and Deming and Silliman (2025), which both argue that human capital should be

understood as multidimensional.

2 Conceptual Framework

Our empirical approach consists of the following steps. First, given student-level data on item
responses, demographic and other variables, and an economic outcome, we seek to estimate an
“importance vector,” ﬁ, that measures the economic value of each item as it pertains to predicting
the outcome. Second, we assess and justify the particular approach we take to estimating Q. The
bulk of our empirical work then concerns understanding what item-level features lead to a low or
high estimated importance.

This section lays out the basic definitions and conceptual framework underlying our approach.
Subsequent sections then provide greater details on the methods specific to that section. We start
here by describing how we conceptualize the notion of an “importance” or “price” for each test
item. Our approach builds on the frameworks in Nielsen (2019, forthcoming) and Bond and Lang
(2018).

Introducing some notation, let ¢ index a test-taking student from some population of interest
(e.g., from a particular grade/year in the Texas data). The test consists of M dichotomous items
with D; denoting the vector of i’s item responses: D; = [D;1,...D; ] where D;,, = 1 if ¢ gets
item m correct and 0 otherwise. For any particular question m, we have D; = [Djn,, D; _p,] where
D, _, denotes the M — 1 length vector of all i’s item responses other than to item m.1

Implicit to a test scale is the choice of an item importance vector, Q = [w1,...wys], containing
a weight for each item in the test, which is used to aggregate the full vector of a student’s item
response (D;) into a scalar — the test score. One of the simplest scoring rules — percent correct
— weights each item equally so that two students with the same number of correct responses
will receive the same score regardless of which specific items they answer. Modern psychometric
methods such as item response theory (IRT) aggregate in a more theoretically motivated way. For
example, the widely-used 3PL IRT model, aggregates items based on the (estimated) difficulty,
discrimination, and guess-ability. Two items that are the same on these three dimensions will have
equal influence on a student’s estimated achievement.'?

In this paper, we instead seek a definition of €2 based on the economic usefulness of each item.
To do so, we adapt the item-anchoring approach in Nielsen (2019, forthcoming) which defines

achievement A; as the component of some outcome S; that is predictable from ideal psychometric

Tn keeping with standard notational conventions, we denote random variables by capital letters, specific values
of random variables in lower case, and we denote vectors in bold.

12Tn IRT, the estimated achievement scores will not generally be exactly equivalent to a weighted sum of the item
responses. However, for tests with a large number of items, the IRT achievement measure for a student can be well
approximated by such a sum. Moreover, in some special cases, such as in the one-parameter Rasch model, the simple
sum of the item responses is a sufficient statistic exactly for the MLE achievement estimate.



data:

Here, 7; represents determinants of the outcome S; that are not predictable from psychometric data.
Thus, E[n; A;] = 0 holds by construction. In practice, no test has complete and perfect psychometric
data, and so the best we can hope to identify given the observed item data is A = E[S;|D;, X;].
Thus, A; is defined relative to the particular items used to assess achievement. A; will by necessity
be a noisy measure of A; — we suppose that fli = A; + v;, where v; is classical measurement error.
This irreducible error v;, common in classical testing theory, is important in our context only for
the estimation of mean differences in achievement but is not generally important for the definition
or estimation of €2, our primary object of interest.

To actually estimate A;, we suppose that for some known functional form f parametrized by
the vector ¥

A; = (D, X;; ®). (2)
Data on outcomes, test items, and controls can then be used to estimate W. The item-anchored
scores are then estimated by A; = f(D;, Xy; \/I\I) = IE[SZ-\DZ-, X;]. The test scale defined by f(D;, X;; \il)
aggregates individual items based on their observed relationships with the outcome S;, mediated
through the function form assumed for f.!3 Section 4 presents the empirical details of our estimation
approach.

The definition of 2 that we use in this paper is based on our definition of item-anchored achieve-
ment. The weight for item m is defined to be the difference in expected item anchored achievement
for those answering the item correctly versus incorrectly, where the expectation is taken over the
distribution of (D_,,,X;) :

Wm = EDfm,X[f(Dm = 17D7m7X; ‘II) - f(Dm = Ovaﬂ’hX; ‘II)] (3)

The definition of wy, in equation (3) captures well the notion of economic importance: wy, is
the average incremental difference in the expected outcome S for those answering item m correctly
versus incorrectly. This definition mirrors the basic structure of how test scales are formed in other
contexts. That is, our method is similar to other ways of creating a test score in that it assigns
some weight to each item m, but does so in a way that uses the predictive value of those items to
long term outcomes; it uses an economic framework to assign weights. Instead of naively assigning
equal weight to all items, or using weights driven by psychometric methods that make no use of
longer-run economic outcomes, we use the informativeness of the items in predicting the economic

outcome of interest.!*

13This scale, unlike traditional test scales, is also cardinal — a given change in scores AA corresponds to a fixed
change in the predicted value of S, which is itself (by assumption) cardinally interpretable. See Nielsen (2019,
forthcoming) for more details.

The Q vector can be alternatively interpreted as capturing an M-dimensional representation of the projection
of a latent vector of skills (L). That is, suppose that the vector of responses D; of each student is generated by
some underlying vector of skills of the student, and we want to use D; as a proxy for that space. Prior literatures
have generally employed factor model approaches to decompose skills. In psychometrics, Item Response Theory



As defined, the w,, are population objects, and we must estimate them from our sample. We do
this by first estimating W, the parameter vector governing f. This allows us to compute, for each in-
dividual 4, A;[Djp = 1] = f(Dim = 1, D _m, Xi;¥) and A;[Dyp, = 0] = f(Djm = 0,D; _n, X ¥)
where in both cases D; _,,, denotes the actual vector of non-m item responses for student . We

then estimate w,, using sample averages:
| N
om = ~ Z} (AilDim = 1] = Ai[Dim = 0]).. (4)
1=

In the case that f is linear in the item vector, this calculation takes a much simpler form: w,, = Bm,
the estimated coefficient for item m.

Once we have € in hand, the main part of our analysis seeks to understand how observable
characteristics of the items explain (in the statistical sense) these item weights. In particular, we
consider two conceptually distinct types of item-level data. First, we denote by R, all of the
non-text characteristics of an item: its subject (e.g., math or reading), IRT parameters (difficulty,
discrimination, etc.), learning objective, placement within the test (e.g. question number), etc.,
and we let R be the vector of these characteristics across the items m. Second, we denote by T,
the actual text of the item or some mathematical representation of that text, with T representing
the vector of these data across items. Then, we suppose that for some function ¢ and an unknown
error vector =

Q=g[R,T)+E. (5)

Depending on the context, we either assume a particular parametric form for g or that it is well-
approximated by a neural network or any other differentiable flexible model. Because we do not
observe €2, we instead estimate a version of equation (5) substituting Q for Q. In doing this, we
take account of the first-stage estimation error in the weights. We will discuss the details of this

adjustment, as well as other empirical implementation details, in Section 4.

3 Data

Constructing estimates of € and item-anchored achievement requires student-level data on (1) an
interpretable economic outcome (S;), (2) item responses (D;), and (3) additional controls (X;).
Furthermore, understanding what characterizes high-return items requires (4) item texts (T), and

(5) non-text item characteristics R. To our knowledge, there are no extant data sets with all of these

(IRT) relies on assumed factor structure for skills (e.g., Joreskog (1969), Reise (2012), Reckase (1985)). While item
response data have been seldom used within economics, the dominant conception of skills/achievement is either based
directly on IRT or a conceptually similar approach that views observable test scores and behavioral outcomes as noisy
measures of latent underlying skills (Heckman et al., 2006, Cunha et al., 2010, Schennach, 2022). These methods
generally require the researcher to define a priori the correct dimension of the latent space L, and usually require
strong parametric assumptions about the data generating process for the observed vector D;. We see two main
advantages of our approach to those mentioned above. First, our method does not require specifying the dimension
of the latent space L in advance - which is unlikely to be known by the researcher. Second, our method is also
agnostic as to the DGP generating the vector of student responses D;.

10



ingredients, for two primary reasons. First, data sources with item responses are quite uncommon.
Prior research on item-anchoring (Bond and Lang, 2018, Nielsen, 2019) has relied on survey data
such as the NLSY79 and CNLSY that suffer from a number of significant shortcomings. These
surveys have comparatively few observations, cover in some cases only a single cohort of youth, and
estimate achievement at a single age or at a small number of ages. We transcend the limitations
of survey data sources by using instead rich administrative data, containing both item responses
and long-term economic outcomes, covering the universe of public school students in Texas from
the 1995-1996 to 2018-2019 school years.!?

Second, even if data sources do contain item responses, they generally do not have high quality
information on the items themselves. For example, item-level information included in the Texas
ERC data is limited to the item’s broad learning objective, it’s subject (math or reading), and it’s
position in the test. Thus, we supplement data in two ways. First, we collect and digitize the test
booklets that were administered for statewide testing, which allow us to recover image and text
information of each test item. Second, we use the content on the items to link to the taxonomy
of skills defined by the Common Core State Standards (CCSS) to obtain a richer picture of skills
associated with each question.

Below, we provide a high-level overview of these data sources and key variables. Please refer to

Appendix A for additional details.

3.1 Item Response Data

The Texas ERC provides student-level mathematics and reading test data from statewide assess-
ments administered to public school students in grades 3-8 and some high school grades. The
purpose of these assessments is to measure the level and evolution of student proficiency and learn-
ing in Texas public schools.

The actual assessments used by the state of Texas changed twice during the period covered by
our study: the Texas Assessment of Academic Skills (TAAS) (1990-2002), the Texas Assessment
of Knowledge and Skills (TAKS) (2003-2011), and the State of Texas Assessments of Academic
Readiness (SSTAR) (2012-present). While differing somewhat in design and subjects covered,
these assessments are all designed for the same purpose, and all cover mathematics and reading.
As mentioned above, in this paper we illustrate our two stage method focusing on drivers of wages
- and thus we need to link student tests where enough time has passed to link to early-career adult
earnings. Hence, we focus our analysis on the earliest test administration (TAAS) which allows us
to observe wages at age 25 while preserving the same assessment design (see Section 3.2 for more
details on labor market outcomes.).'6

A key feature of the state’s data collection efforts for our purpose is that individual student
item responses are available for all students and all standardized exams starting in 1996. That is,

for each student-multiple choice question pair, we observe (1) the answer the student bubbled in,

5 Throughout this paper we use the Spring term year to refer to each school year.
16See Section A.2 for an explanation of the anchoring timelines and implications of long-term data availability.
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(2) whether their answer was correct, and (3) whether the student skipped the item. In addition
to item-level student responses, we also observe the test subject (math or reading) and learning

objective associated with each question.'”

Table 1: Descriptive Statistics

All Digitized Sample
O @ 3) @ 6 (©)

Mean SD Obs. Mean SD Obs.
Panel A. Student-by-Grade
Demographics
Female 0.50 0.50 12,211,377 0.50 0.50 9,349,124
Black 0.14 0.34 12,211,377 0.14 0.35 9,349,124
Hispanic 0.35 0.48 12,211,377 0.35 0.48 9,349,124
White 0.48 0.50 12,211,377 0.47 0.50 9,349,124
Other 0.04 0.19 12,211,377 0.04 0.19 9,349,124
Economically Disadv. 0.44 0.50 12,211,377 0.45 0.50 9,349,124
ESL 0.04 0.20 12,211,377 0.04 0.20 9,349,124
LEP 0.08 0.26 12,198,422 0.08 0.27 9,349,124
Immigrant 0.01 0.10 12,211,377 0.01 0.10 9,349,124
Special Ed. 0.08 0.27 12,211,377 0.08 0.27 9,349,124
Gifted 0.11 0.32 12,211,377 0.11 0.32 9,349,124
Long-Run Outcomes
Wage at 25 $29,693  $29,010 9,111,275 $29,932  $29.452 6,996,713
Wage at 30 $42,466  $44,479 6,717,698 $42,775  $44,295 4,731,630
Wage at 35 $51,509 $58,171 1,961,384 $51,205 $57,644 965,269
HS Graduate 0.85 0.36 10,776,458 0.85 0.35 8,255,387
Enrolled College 0.67 0.47 11,230,510 0.67 0.47 8,596,239
Panel B. Item-level
Percent Correct 0.80 0.12 4,739 0.81 0.12 3,555
Math 0.56 0.50 4,739 0.56 0.50 3,555
Digitized 0.75 0.43 4,739 1.00 0.00 3,555
Raw Return 0.33 0.08 3,869 0.32 0.07 2,685
w 0.01 0.02 3,869 0.01 0.02 2,685
Student-Grade-Item Responses 1,235,875,456 937,619,520

Notes: This table presents descriptive statistics of student-by-grade-level demographics and long-run outcomes in panel A. and item-
level characteristics in panel B. All earnings data are converted to 2019 dollars. Columns (1) through (3) present statistics for the
universe of students in Texas from 1996-2002 who take standardized tests (grades 3-8 and the exit exam). Columns (4) through (6)
present analogous statistics for the grade-year combinations for which test booklets (i.e. text data on questions) were recovered.

Panel B. of Table 1 presents item-level descriptive statistics for our analysis sample. Overall,
the average question is answered correctly by 80% of students. Our sample contains slightly more
math questions than reading questions. The raw return to a correct answer (as plotted in Figure 1)
for the average item is 33%, while our conditional estimate, @, indicates a 1% return.'®
Across all items, we are able to recover the text of 75% of the questions administered between

1996-2002 (see Section 3.3.1 for more details). Thus, in columns (4) through (6) we present analo-

17Standardized tests are generally designed to measure broad learning objectives. In Texas, the standardized tests
we study were designed to consistently measure these objectives over time. See Table A.3 for a list of testing objectives
for both Reading and Mathematics tests under TAAS. Our data allow us to observe these test objectives so that in
addition to each student answer, we also observe which learning objective each test item corresponds to.

18See Section 2 and Section 4 for a discussion on the estimation of these returns.
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gous statistics for the subsample with text data available. Descriptive statistics for this subsample
does not differ in any meaningful way from the full sample. Finally, in total, we draw from upwards

of 1.2 billion student responses of which 940 million were are able to link text data to.

3.2 Labor Market Outcomes Data

The Texas ERC contains student-level data on employment and earnings through a link to the
State of Texas unemployment insurance system. Thus, we can can link item responses to earnings
for any public school student who receives wage/salary income in Texas in adulthood.'¥ We cannot
observe earnings for individuals who attended public school in Texas but who move out-of-state
subsequently. Fortunately, Texas has the lowest outmigration rate of any U.S. state.?’ As such,
we are able to recover labor market information for approximately 72% of the universe of relevant
test-takers.?!

We take as our baseline “anchor” outcome adult earnings as earnings at age 25.2? Ideally
we would be able to measure student earnings at later ages in order to more accurately capture
individual variation in lifetime earnings.?®> To avoid pandemic-era wage distortions, we restrict
to cohorts whose earnings are observed pre-COVID, which prevents us from observing most of
the sample at later career ages. Accordingly, we use earnings at age 25, which we we view as
a reasonable early-career measure: by that age most individuals have completed schooling and
entered the labor market.?*

To understand the implications of capturing earnings at different labor market ages, Figure 2
plots unconditional wage returns at ages 25, 30, and 35, to a correct answer for all items adminis-
tered to Texas public school during our period of study. Panel (a) of Figure 2 shows that: i) the
range or returns is very similar for all wage-specific returns; and ii) capturing earnings at ages 30
and 35, as opposed to 25, implies a loss in the number of items we can link to labor market earnings
and estimate returns for.?> Panel (b) presents the correlation of item return rank across ages. This
plot indicates a strong rank correlation of returns estimated at different labor market ages. Thus,
items that have high (low) returns for wages at 25, continue to have high (low) returns at ages 30
and 35. Given these results, throughout the paper, our preferred specification uses earnings data

at age 25, however, we present robustness checks to our analyses using earnings at age 30.

9TWC data are reported quarterly. We aggregate quarterly earnings for all students to generate yearly earnings.

20Tn 2012, 82% of all Texas-born individuals remained in Texas (Aisch et al., 2014).

2'Panel (d) of Figure A.3 plots earning match rates for each grade-year combination in our sample. Estimates
presented throughout the paper display statistics obtained from grade-year combinations with a match rate to labor
market outcomes greater than 20%.

22We recover student labor market earnings at age 24, 25, and 26, and average them out for each student observation
to approximate earnings at age 25. We then convert earnings to 2019 dollars based on the CPI index.

23Studies generally find that earnings around age 40 best proxy for lifetime earnings — see Haider and Solon (2006)
and Mazumder (2005).

248ee Section A.2 for additional discussion of our choice of earnings age.

25 At age 25, we have a larger coverage of wage data, with a match rate of 71.5%. If instead, we capture students
at age 30, our average match rate lowers to 52.9%. Finally, at age 35, we loose a substantial amount of data. This
is mostly driven by the fact that most students in our testing sample have yet to turn 35. See Figure A.3 for match
rates for each grade-year combination in our sample.
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Figure 2: Unconditional Wage Item-level Returns for All Grades and Years

(a) Returns at Ages 25, 30, & 35 (b) Rank Correlations Across Ages
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Notes: Panel (a) of this figure plots for each item (test question) administered to all students across all years, the difference in log wages (at age
25, 30, and 35) between students who answer each item correctly versus those who do not. Items are ordered in the value of this difference. We are
missing earnings data for some grade-year combinations that have yet to become 30 and 35 years of age. This explains differences in sample size
between item-level returns at age 25, 30, and 35. Panel (b) shows the correlation between the item rank of these returns at age 25, with returns
at age 30 and 35.

3.3 Item Characteristics Data

Item-level information included in the Texas ERC data is limited to the item’s learning objective,
it’s subject (math or reading), and it’s position in the test. Thus, we supplement these data in
three different ways. First, we collect documentation on the test booklets that were administered
for every grade and every year in our sample to recover information on the actual content of each
question. Second, we use the content of each question to link it to the taxonomy of skills specified by
the Common Core State Standards (CCSS). Finally, we recover standard psychometric parameters
— item difficulty and discrimination — for each question via the estimation of a standard Item
Response Theory (IRT) model.

3.3.1 Digitizing the Test Booklets

During the period of our study, the Texas Education Agency (TEA) released to the public the actual
test booklets both in hard copy and through the internet following each year’s test administration
cycle - which they subsequently removed from their site. Using the Internet Archive’s Wayback
Machine, we were able to recover 75% of the test booklets for the years 1996-2002.2

With the booklets in hand, we extract question-level information from the PDF's in a four-step
process. First, each assessment PDF was systematically split into its respective math and reading
sections using a document segmentation approach. Following this, each section was segmented
at the page-level and converted to PNG format to ensure compatibility with further processing
tasks. In a second step, these images were then used as inputs for OpenAI’s GPT-03 model to
perform Optical Character Recognition (OCR) and infer textual content. Through an API call
with a predefined prompt, GPT-03 generated structured JSON outputs containing two distinct
data types: items and passages (for reading).?” We then evaluate the quality of the digitization

26Table A.4 displays the availability of test booklets via Wayback Machine for the time period of this study.
2"The output included item-level attributes such as: question number, question stem, question image indicator, and
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by groups, between questions without images (86.5%) and those with images (13.5%). We found
almost flawless quality for the image-less group (97% accuracy), but lower for those with images.
Thus, we decide to have two research assistants manually check and corrected all questions with
images in them. Thus, overall we obtain a digitization accuracy rate of 97.4%. 2® In the fourth
and final step, we convert the information from each test item into a structured text file with a
predefined template suitable for embedding generation. We do so by following a similar structure
to Du et al. (2024). The exact template is presented in Section A.3.2.

3.3.2 Common Core State Standards Initiative

We use the digitized content of questions to link them to the taxonomy of skills defined by the
Common Core State Standards (CCSS). In 2010, the National Governors Association and the
Council of Chief State School Officers sponsored the Common Core State Standards Initiative with
the goal of creating clear and consistent grade-level standards in English Language Arts (ELA) and
Mathematics. These standards were drafted via work groups composed of policymakers, researchers,
and educators in K-12 and higher education.? Crucial for our purposes, the CCSS were written as
outcome expectations rather than a prescribed curriculum, which makes them useful as a descriptive
“skill language” for characterizing item demands based on item text.3? This is especially valuable
in our setting because the TAAS metadata provide only coarse objective labels that do not vary by
grade, whereas the CCSS offer a finer-grained and hierarchically structured set of competencies by
subject that can be used to summarize the skills needed to answer the item in a more interpretable
way.

We digitized the set of CCSS standards from Association et al. (2010).3! The final list describes
631 standards for both ELA (reading) and math across grades 3-12. Table F.1 presents the full list
of standards, along with a short description of the skill used for exposition purposes.?? To map each
item to this skill taxonomy, we present the digitized item text together with the full list of CCSS
standards to a large language model and prompt it to assign between one and three CCSS codes
per question (see Appendix G for the coding prompt). Importantly, we do not tell the LLM what
grade the question is from, nor do we restrict the possible matches to any grade-specific standards
as defined by the CCSS. That means that we allow for the possibility that the standards set by

question image description. Passage-level attributes included: passage stem, passage image indicator, and passage
image description. A crosswalk linking each question to its corresponding passage was manually coded.

28 Accuracy rates for questions without images are estimated from a review of a random sample of 100 questions
out of 3077. Accuracy rates for questions with images are estimated from the full set of questions with images in our
sample. See Figure A.1 for examples of question types and image position.

29The work groups also consulted other groups such as community and parent organizations, the business commu-
nity, civil rights groups, and states. A majority of states adopted the standards after they were released on June 2,
2010. States were given an incentive to adopt the CCSS through Race to the Top grants.

39Because our items predate the CCSS, any mapping should be interpreted as an ex post classification of item
content into a modern standards framework rather than as an official alignment; nonetheless, it provides a transparent
and replicable first pass at linking the language of questions to a well-defined set of academic skills before turning to
a fully text-based model.

31Math stardards can be found here; Reading-ELA standards can be found here.

32Please refer to Association et al. (2010) for the full skill description.
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CCSS for a 6th grader in the 2010s might match with a skill needed to answer a 4th grade or 8th

grade question in Texas in the early 2000s.

3.3.3 Psychometric Properties of the Items

In addition to the text of the items, we also consider whether and how “traditional” psychome-
tric item characteristics relate to €. In this section, we thus explain (1) how we construct these
psychometric measures, and (2) how these measures vary in our data across grades, subjects, and
years.

Using the IRT routines built into STATA, we recover item level estimates of difficulty and
discrimination assuming a three-parameter logistic IRT model (“3PL model”).?® The resulting
item-level parameter estimates yield a number of insights. First, the average item on these TAAS
exams is fairly easy, with most items having negative estimated difficulties.>* This can be seen also
in the correct response rates, which average around 80%, albeit with substantial variation. The
relatively easy nature of these exams makes sense — they were designed as broad-based assessments
of proficiency in academic skills expected of all student and are thus not targeted toward the top
of the achievement distribution.??

Figure 3 shows mean item difficulty and and discrimination by grade after residualizing with
year fixed effects. Panel (a) shows that after remaining roughly flat through grade 5, average item
difficulty jumps notably higher in middle school and yet again at the exit exam. By contrast, mean
item discrimination is roughly constant across all grades. Turning to differences by test subject,
panel (b) shows that reading items are more difficult than math items (on average) in grades 3-6,
while math items are more difficult in later grades (and on the exit exam). Finally, reading items

are on average more discriminating than the math items across grades 3-8.

33The 3PL IRT model specifies the probability of a correct response as: P(D =1]60) =c+ (1 —¢)- m,
where a is the discrimination parameter, b is the difficulty parameter, ¢ is the guessing parameter, and student
latent ability 8 ~ N(0,1). We estimate discrimination and difficulty parameters via maximum likelihood for each
subject-grade-year combination using STATA’s irt 3pl command. In our setting, the standard 3PL IRT model did
not converge for reading-3rd-2001, reading-6th-2001, reading-8th-1996, reading-8th-2000, math-3rd-1997, math-5th-
1996, math-6th-1996, and math-8th-1998. For these subject-grade-year combinations, we estimated a simpler 2PL
IRT model and used its output as a starting point into the estimation of the 3PL model. For all subject-grade-year
combinations that had not initially converged, this process solved convergence issues.

34Given the normalizations of the 3PL model, a negative difficulty corresponds to a question that differentiates
most effectively between test-takers with below-average achievement.

35To be clear, even an “easy” test can still differentiate between high performing students, albeit less efficiently
than a test targeted towards the upper end of the achievement distribution. As an example, consider an exam where
all items have difficulty = -1, discrimination = 1, and guessability = 0.25. Then, students who are one standard
deviation above the mean will get about 91% of these items correct, while students two standard deviations above
the mean will get 96% correct.
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Figure 3: Item Difficulty and Discrimination by Grade and Subject

(a) Average Difficulty and Discrimination by Grade (b) Average Difference: Reading - Math
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Notes: Panel (a) plots the average difficulty and discrimination, with 95% confidence intervals, of the items in our analysis sample after removing
year fixed effects. Panel (b) plots the corresponding mean differences and 95% confidence intervals in difficulty and discrimination between reading
and math items.

Figure 4 examines the relationship between an item’s difficulty and its placement within the
exam. Panel (a) shows that the items that come later in an exam tend to be more difficult.
However, this relationship is not linear for either math or reading — after a certain point items do
not become more difficult as one progresses through the exam. Panel (b) shows that there is no
relationship between an item’s discrimination and its placement in the exam for math, but a strong
positive relationship for reading. Taken together, these results show that the approach we adopt
in Section 6 of adding the item’s position in the test as an additional factor to explain Q is not

redundant given that we also include item difficulty and discrimination.3

Figure 4: Item Difficulty and Discrimination and Question Number
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Note: Each panel shows a local linear polynomial fit (bandwidth = 0.15) of the relevant residualized psychometric characteristic on the item’s

number (as a percent of the relevant exam), along with the associated 95% confidence intervals. Both difficulty and discrimination are residualized
using fully interacted fixed effects for subject, grade, year, and learning objective.

36Even in the case of discrimination and reading, where the relationship is positively and linear, the item’s position
in the test explains only about 20% of the variation in discrimination. Note also that the patterns within each grade
are quite similar to what is presented in Figure 4 (not shown).
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4 Estimation of Item Prices (ﬁ)

In this section, we describe how we implement our approach empirically. First, we describe how
we estimate the item-anchored achievement scales and the corresponding item price or importance

vectors £2. We then show the robustness of our estimates of €2 to alternative model specifications.

4.1 Estimating Item Prices (ﬁ) by Ordinary Least Squares

We focus in this paper on log wages of individual ¢ at age 25 as our long-term outcomes of interest
(Si), although the methodology would work just as well for other outcomes. In our baseline ap-
proach, we suppose that log wages are linear in item responses and possibly student demographics
X. In other words, we assume that f as defined by equation (2) is linear. For each grade-subject-

year, we thus estimate via OLS regressions of the form

In(wage) = D'W + X'T" +¢. (6)

In this case, equations (3) and (6) imply that an estimate of €2 is the OLS estimate of W:

—

Q=W. (7)

We cluster the standard errors at the school level. Linearity in equation (6) amounts to the
assumption that the items do not interact with each other or with demographics. That is, an item
is required to have a constant return (skill price) that is independent of the student’s demographics
and of other tested skills (items).

Return invariance with respect to demographics can be justified both empirically and with
reference to the construction of the achievement tests themselves. First, empirically, we find similar
estimates of w within different demographic groups. Specifically, we consider alternative models,
including a fully interacted model with race through sample splitting. For these alternative models
Table B.1 shows that we can rarely reject the null hypothesis that the individual item weights
estimated controlling for demographics in different ways are equal. This is consistent with results
presented in Nielsen (2019, forthcoming). Second, because the TAAS exam was designed to provide
a reliable measure of basic academic skills pertaining to a fixed set of learning objectives, it is
plausible that the constituent items measure broadly useful, basic skills that are economically
valuable in a variety of contexts. Indeed, as explained in Section A.1, the TAAS items were carefully
vetted for difficulty, content/curriculum alignment, and cultural/racial bias by experienced Texas
educators. Thus, a student’s item responses likely reflect her skills more-so than skill-irrelevant
aspects of her background. Prior research (Neal and Johnson, 1996, Nielsen, 2019) has found in
similar settings that psychometric measures correlate with outcomes very similarly for different
demographic groups (e.g., white versus Black men), suggesting the labor market discrimination
and other non-skill factors play at most a modest role in the translation of skills to earnings. A the

same time, recent work has also showed that there might be some detectable effect of item context
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familiarity with performance (Lee and Schaelling, 2025).

Linearity across the items is perhaps a less obvious assumption. However, as we show below,
linear models produce very similar anchored skill and €2 estimates as models that allow for inter-
actions. Moreover, a series of Monte Carlo simulations, presented in Appendix D.1, suggests that
linear models will do quite well in realistic scenarios without “too many” item-item interactions.
In particular, these Monte Carlo experiments suggest that the OLS estimates are approximately
unbiased across a wide range of data-generating processes, have very similar MSEs or RMSEs as
lasso models which assume the correct order of item interactions (e.g., two-way or three-way), and
generally outperform random forest models in terms of bias (though not always in terms of RMSE).

We thus assume linearity in our baseline estimates, as this assumption comes with a number
of substantial benefits. First, linear models are very simple and fast to estimate. Second, the Q
can be extracted from the fitted model immediately as the coefficient vectors. Third, linear models
allow for the straightforward estimation of V(ﬁ — Q) because the sampling covariance matrix for
OLS estimates is readily recoverable. Finally, the resulting estimates Q have the straightforward

and familiar residual regression interpretation thanks to the Frisch—-Waugh—Lovell theorem.

4.2 Controlling for Demographics

Our preferred interpretation of Q is that it is a vector of item prices that themselves include “skill
prices” — the labor market returns to the skills assessed by the items. We thus want to control
for non-gkill factors that affect the level and distribution of earnings. We also want to control,
if possible, for confounders — factors that are correlated jointly with item responses and later-life
earnings. This is precisely why we included X, which denotes demographic variables and other
non-achievement controls, in equation (6).

Because we consider data from a wide variety of years, and because earnings tend to grow over
time, we include year fixed effects in X in all our specifications. In addition, we include in X
commuting zone fixed effects in our preferred specification to account for differences in the local

labor markets that our test takers have easy access to.%7

Commuting zone fixed effects allow us
to compare students with similar labor market opportunities who have different item response
patterns. We additionally include indicators for English as a Second Language (ESL) status in
order to control for labor market differences by cultural and linguistic background. Finally, we
account for the possibility of race and sex discrimination in the labor market, as well as differential
labor force participation, by including as a control a full interaction of race and sex. While we
simply estimate equation (6) jointly, our procedure is equivalent to estimating Q using just the
items and log wages residualized on X.

As an additional robustness check, we follow Nielsen (2019, forthcoming) and estimate equation
(6) using only white males — a population that is less likely to experience discrimination in the

labor market. The Qs that result from this robustness check thus translate item responses into

3"Economic opportunities are quite different in large, growing, dynamic metro areas such as Austin, Houston, and
Dallas compared to poorer and more rural parts of the state.
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Figure 5: Estimated w Across Anchor Model Specifications
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Notes: Panel (a) of this figure plots the distribution of estimated w across different specifications. Standard errors are clustered by school.
Panel (b) shows the correlation between the grade-year item rank of our main specification and the grade-year item rank of the other alternative
specifications. A local polynomial fit is added in a red solid line with 95% confidence intervals in gray. The black dashed line represents a 45-degree
line. Item rank-rank correlations are added in the top left corner.

outcomes for everyone as for white males. Overall, although more imprecisely estimated, we find
that s estimated on the sample of white male students, yield qualitatively similar results than

our main specification.

4.3 Assessing and Justifying Q

Before delving into our primary analysis understanding what item features explain ﬁ, we first
explore our estimated item importance vectors across different estimation approaches. Panel (a)
of Figure 5 shows the distribution of estimates of w across different specification. Our baseline
regression estimates of the item weights are robust to differences in how we control for geography and

CF

race. In particular, “County FE” estimates, w“", control for county rather than commuting zone

fixed effects in order to consider a larger geographical labor market. “White Male” estimates, w"V'M
are derived from the subsample of white males only. Both specifications yield similar distributions
of Q. Figure 5 also plots estimates obtained from Ridge and LASSO specifications with the relevant
A (penalty parameter) for each model selected via cross-validation. Similarly, the distribution of
estimated item-level prices mirrors that of our main specification.

Because the Qs depicted in panel (a) of Figure 5 are estimated, some of the apparent dispersion
will be due just to estimation error. We verify this in two ways. First, panel (b) of Figure 5 plots
the correlation of the rank of item-prices estimated via our main specification, @™, and the rank
of alternative specifications, {d}m/}mle{c rwumy- Overall, these rank-rank correlations are positive
and large. However, the comparison with “White Male” seems to be quite noisy. This is likely
because we estimate these regressions with only a quarter of the observations used in every other
specification. Thus, in our second exercise, we run item-level statistical difference tests across

/

specifications. We find that for approximately 98.5% of items j we cannot reject Hy : wit = wi.

We present these results in Table B.1. Thus, the estimated item weights are quite similar to each
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other across specifications.

5 Item-Anchoring, Achievement Gaps, and Student Ranks

In the previous section, we showed that different, plausible anchor models and methods yield
similar estimates €2. Moreover, we showed that the individual estimated items prices, w,,, display
significant variation — different items predict outcomes very differently. Understanding the drivers
of this variation is the primary goal of this paper.

In this section, we further motivate this primary objective by showing that the item-level dif-
ferences in w,, have economically and statistically significant implications for a number of relevant
empirical questions. In particular, we show that using the item-anchored scores, 121@-, instead of the
standard scores dramatically changes (1) estimated white-Black and white-Hispanic achievement
gaps and (2) the achievement rankings (percentiles) of individual students. These results extend

the findings in Nielsen (2019, forthcoming) to a new context.?®

Stylized Fact 1: White-Minority gaps are larger than with standard scale: Item-
anchored achievement gaps in general will differ from gaps estimated using given, psychometric
scores. First, trivially, the units will differ — item-anchored gaps are in cardinally interpretable
“outcome units,” while psychometric scales will be in whatever scale the test-designers construct
(which may or may not be cardinal).?” Second, and more fundamentally, a mean achievement gap
could differ across scales because children from one group may do particularly well or poorly on

items that are emphasized differently by the item-anchored and given scales.

Figure 6: Item-Anchored Achievement Differences

(a) Achievement Gaps (b) Achievement Percentiles
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Notes: Panel (a) of this figure shows log wage item-anchored white-Black and white-Hispanic achievement gaps in blue bars and analogous standard
math test scale gaps in red bars. Panel (b) plots average given math+reading score ventiles on the z-axis against the ventile-conditional means,
50 percent ranges, and 90 percent ranges of the log wage item-anchored scores on the y-axis.

38Nielsen (2019, forthcoming) focuses on achievement gaps between Black and non-Black, non-Hispanic students as
well as between students from high-income versus low-income households. Examining white vs. Hispanic achievement
in our setting is motivated by the high share of Hispanic students in Texas — 35% of our sample. Additionally,
compared to Nielsen (2019, forthcoming), our analysis covers more recent cohorts over a wider range of grades/ages.
39Gee Cunha et al. (2021) for a discussion of anchoring and cardinality for psychometric scales.
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Panel (a) of Figure 6 shows the average white-Black and white-Hispanic achievement gaps for
all grades and years in our sample. Standard scale gaps are presented in red bars, while log wage
item-anchored achievement gaps are presented in blue bars.*’ For comparability, both estimates are
presented in SD units. In our sample, achievement gaps estimated using traditional test scales yield
an average white-Black gap of approximately 0.55 SD and a white-Hispanic gap of 0.38 SD. These
findings align with extensive research documenting large racial achievement gaps, with Black stu-
dents showing particularly pronounced disadvantages.*! Yet, when achievement gaps are recovered
using log wage item-anchored achievement these gaps are estimated to be substantially larger, at
around 0.8 SD and 0.55 SD for white-Black and white-Hispanic gaps, respectively. This discrepancy
between standard and item-anchored achievement gaps arises because Black and Hispanic students
tend to answer correctly at lower rates than their peers high-return questions that are relatively
less emphasized by the TAAS scoring rules. These achievement deficits are thus obscured by the
aggregation inherent to the given TAAS scale scores. Appendix C discusses this point formally,

adding details on how we deal with first stage noise in the estimates of the gaps.

Stylized Fact 2: Anchored achievement scales rank students differently than given
scales: In light of the achievement gap results, a natural question is whether student item re-
sponses can also affect student ranks that are obtained using traditional test scales. In other words,
is our achievement measurement A; just a rescaled version of the standardized traditional score?
To explore this possibility, Panel (b) of Figure 6 plots average given math+reading score ventiles
on the z-axis against the ventile-conditional means, 50 percent ranges, and 90 percent ranges of
the log wage item-anchored scores on the y-axis. The estimates plotted in this figure suggest a
wide variation in the item-anchored scores even among students with very similar given scores —
the ventile-conditional 90 percent ranges often cover 2 SD or more. Moreover, this variation re-
flects more than just measurement error in the item-anchored scales: Wald tests strongly reject
equality of the item-anchored scores within each ventile in virtually all grade-years. In fact, we can
reject equality in almost all cases even within each percentile or half percentile of the given score

distribution.

6 Inside the Item: Observable and Standards-Based Features

What differentiates a high-return item from a low-return one? Can we formulate hypotheses about

which skills drive long term outcomes based on those differences? In this section we explore these

4Ttem-anchored gaps are adjusted for reliability at every grade-year level using the “split-half IV” method developed
in Nielsen (2019, forthcoming). See Appendix C for details on the method and estimation.

41Tn particular, white-Black achievement gaps are typically estimated around 0.5-1.0 standard deviations (SD). See
Nielsen (2019), Neal (2006), Bond and Lang (2013), Reardon et al. (2019), Stanford Center for Education Policy
Analysis (2012), Quinn (2015), Fryer and Levitt (2004, 2006) among many, many others. While relatively less
attention has been paid to white-Hispanic gaps, prior research generally finds gaps about 0.4-0.7 SD. See Hemphill
and Vanneman (2011), Reardon and Galindo (2009), Reardon et al. (2019) as well as the National Assessment
for Educational Progress (NAEP) achievement gap dashboards available at https://www.nationsreportcard.gov/
dashboards/achievement_gaps.aspx.
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questions and develop the paper’s central contribution. We divide this exploration in two parts:
First, we show how much variation in item weights can be explained by readily-available item-level
characteristics such as the subject, difficulty, and broad objectives; second, we leverage information
in the text and images in the questions as these are likely to encode information about the skills

required to solve them.

6.1 Observable Characteristics

To assess the relationship between our estimated item-level returns and standard item-level char-
acteristics we estimate simple item-level OLS regressions of the form w, = R'® + ¢. We weight
observations by the inverse of the variance of wy to account for first stage estimatation precision
(Hanushek, 1974, Hedges and Olkin, 2014).

Figure 7 presents the estimated coefficients from these regressions. The results presented in panel
a) indicate that math items are associated with higher wage-level returns. On average, math items
have a 1 p.p. higher price than reading items. Similarly, items that occur later in the test (have
a higher question number) have higher price. Conditional on all other observable characteristics,
the last question of a 100-question test has 0.3 p.p higher price than the first. This result goes in
line with the research that finds high academic and wage returns to student cognitive endurance
(Brown et al., 2025, Reyes, 2025). Finally, items that are more difficult, as approximated by a 3PL
IRT model, also tend to be associated with higher item-level wage returns. A one SD increase in
item difficulty is associate with 0.2 p.p higher item wage returns. However, this is not the case
for items that have a higher discrimination parameter.??> Recall that the discrimination parameter
can be approximated by the correlation between responding the item correctly and the overall test
score. Given that for a given item j, w; estimates are based on conditioning for the full vector of
student item-response, D_j, it is not surprising that the discrimination parameter carries no weight
in explaining wage returns.

Panel b) of Figure 7 shows the results of an analogous regression where subjects (math and read-
ing) are allowed to be subdivided into the learning objectives designed by test creators. Consistent
with earlier evidence, math objectives are generally associated with higher returns on average than
reading objectives (with “word meaning”, a reading objective, as the omitted category). Moreover,
different objectives are often starkly different from each other in terms of their average weight.

However, there is no single objective that fully drives high returns.

6.2 Standards-Based Skill Mapping

The central idea behind leveraging the text of questions to understand their returns is that the
skills required to answer a question should be captured to a great extent by the text of the question

itself. Thus, we consider a case in which the vector of item-level wage returns, ﬁ, is a function of

“2Difficulty and discrimination IRT parameters can be approximated by percent-correct and the correlation of the
item response to the total score. Figure A.2 presents the correlation of the IRT parameter estimates with these
proxies.
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Figure 7: Relationship of Item Characteristics to €2

(a) Characteristics (b) Objectives
Solution Evaluation - —_——
Number Concepts - e a—
Math) — Estimate Solutions —
Measurement Concepts - e a—
Division Problems - e am—
Algebraic Understanding - e a—
Question # as % —————— Geometric Properties e ca—
° 2 Subtraction Problems - ——
8 k5 Multiplication Problems - — ® Math
‘><_E k-3 Solution Strategies | . — # Reading
O Mathematical Representation - —
IRT Difficulty SD | R Addition Problems ——
Probability Statistics . —
Text Summarization —
Supporting Ideas - —_—
IRT Discrimination SD+ —e— Recognize Perspectives —_—
Identify Relationships| ——&¢——
Analyze Inferences | ——¢——

T T T T T T T T T T
0 .002 .004 .006 .008 .01 .005 .01 .015 .02 .025

Notes: Panel (a) of this figure shows estimates of regression coefficients of estimated item-level returns (w) on observable item-level characteristics.
All regressions have grade and year fixed effects and are weighted by the inverse of the square of the SE of wi to account for estimate precision
(Hedges and Olkin, 2014). Panel (b) presents the exact same regression as (a), but instead of including a subject (math) indicator, that variable
is further split into subject objectives as designed by test creators, using the base objective as ”Word Meaning - Reading”. Figure E.1 presents
analogous results for the subset of items for which we were able to collect text data.

the text. We propose two novel frameworks to relate the item texts to Q. The first one maps the
text of the question into a highly detailed set of skills coded by education experts, so in this model
Q= g(skills(text)). In the second framework, we are agnostic as to what is the possible set of
skills that the text can encode, and thus directly model the returns as a function of the text. That
is, Q = g(text).”® This section explores results of the first model, while Section 7 develops and
presents initial results for the second.

Our first approach relies on a taxonomy of skills defined by the Common Core State Standards
(CCSS) (Association et al., 2010).** To map each item to this skill taxonomy, we present the
digitized item text together with the full list of CCSS standards to a large language model and
prompt it to assign between one and three CCSS codes per question (see Appendix G for the
coding prompt). In total, we are able to identify 228 main skills from our 3,554 items with text
data. Figure 8 shows the number of unique skills we can identify per grade-year with our method.
Overall, the number of skills recovered per grade is fairly consistent within grades. Standardized
assessments for earlier grades on average tend to test the smallest number of skills with third grade
assessments covering around 30 different skills. The number of skills tested increases consistently
with grade so that by the time students take the exit exam, the test contains items that measure
around 50 different skills. The increase in the number of identified skills is consistent with the
results in Nielsen (2025b) which finds that relatively more items have significant relationships with
outcomes in later grades.

With this item-to-CCSS link at hand, we identify the skills that have the highest returns by

regressing the estimated & as a function of skill-specific indicators, without intercept.*> We restrict

43 Although we can imagine € as a function of the text of the item as well as other item characteristics (subject,
objective, difficulty, etc.), the text itself captures most of those characteristics (see Figure 14).

44Gee Section 3.3.2 for a detailed description of these data.

15We weight this regression by the inverse of the variance &. This analysis is a direct analogue of the one presented
in panel b) of Figure 7. In this case, the CCSS allows us to explore a more comprehensive and hierarchically structure
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Figure 8: Unique CCSS Skills by Grade
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Notes: This figure plots the total number of skills by grade and year that we are able to recover using the digitized text of
the items and the digitized text of the standards laid out by the CCSS.

our analysis to the skills that we find in at least 10 different items, which give us a total of 73
skills. In Figure 9 we present the full list of skill coefficients. To the left of each coefficient, we
show a heatmap of the distribution of the item-level grades associated to each CCSS skill. Below

we summarize the main results form this analysis.

Finding # 1: Math skills dominate the top rankings, but reading comprehension is
also important: Figure 9 shows that almost all of the highest-ranked skills are math-related.
While this result mirrors the one presented in panel b) of Figure 7, the granularity of skills provided
by the CCSS allows us to recover two novel results. First, in contrast to the results presented in
Figure 7, we find that not all math skills dominate reading skills. The highest-return reading skill
— ‘Identify main idea; summarize the text’ — appears in the top 20, in position 17, while the
second — ‘Identify main idea and supporting details’ — appears in position 21, both ranked higher
than 30 other math skills.

Second, the highest return reading skills — basic reading comprehension — is a skill that is
consistently tested throughout all of K-12 grades. Students work in reading comprehension (at
different levels) throughout all K-12 grade. Unlike reading however, the highest return math skills
are middle- and high-school-specific skills.

Finding # 2: Computation may matter more than conceptual understanding: Not all
math skills are equal. The top math skills lean heavily toward what we might call computational or
procedural fluency that require executing multi-step procedures accurately using formal notation
to produce numerical results. Often these skills emphasize verbs such as ‘apply’, ‘find’, ‘use’ and

focus on whole-number computation, measurement, and coordinate-plane basics.

set of competencies by subject, which provides a richer understanding of the skills needed to answer each item.
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By contrast, the bottom math skills lean towards conceptual definitions and reasoning focused
on understanding meanings, building representations, and recognizing patterns, often with mini-
mal computation. These tasks either avoid formulas entirely (e.g., interpreting media, classifying
quadrilaterals) or involve only basic operations without symbolic notation (e.g., solving one-step
equations). Often these skills emphasize verbs such as ‘understand’, ‘solve’ and focus on fraction-
s/ratios/percent, probability, and conceptual geometry—areas that typically require more abstrac-
tion and representational flexibility.

For example, while geometry-related skills are located on both end of the return distribution,
their emphasis tends differ on either end. Geometry skills located at the top of the returns distri-
bution favor procedural use of geometric tools (‘Define a coordinate system’; ‘Graph points in the
first quadrant’ — skills 4 and 5), while the bottom skills favor conceptual properties and transfor-
mations (‘Classify quadrilaterals by attributes’; ‘Describe congruence via rigid motions’; ‘Identify

and draw line of symmetry’ — skills 51, 52, and 69 ).
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Figure 9: Return by CCSS Skills

Write/evaluate expressions with whole—number exponents
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This figure plots coefficient estimates from a regression of item-level returns (w) on CCSS skill indicators, controlling for the question’s position
within the test, discrimination and difficulty. To account for estimation precision, observations are weighted by the inverse of the variance of the

estimates returns (@).
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Robustness: In principle, if a test has multiple questions for the same underlying skill, it is
possible that when estimating €2, by controlling for the full set of item responses we could bias the
estimands for a specific question that requires the same unobserved skill. Our CCSS skill linking
method allows to partially test for this possibility. In Figure H.2 we present equivalent results to
those in Figure 9, but using the “unconditional” returns, 2“. These returns are estimated using a
modified version of Equation 6 that controls for X and only one question d at a time (instead of
controlling for the full vector D). We show the rank correlation between the CCSS skills with both
Q) estimates in Figure H.1. Together, these results suggest that the implied CCSS skill prices are

similar for Q* and €.

7 Inside the Item: Machine-Learned Representations

7.1 Conceptual framing for AI architecture

We have a dual purpose in this section. On the one hand we want to exploit the richness of
information about the skills required to answered each item contained in the text (i.e. we want a
flexible estimation of g(text)). On the other, we also want to find a representation that is smooth
(has a well defined gradient) and can be inverted back into text. The overall architecture we
consider is summarized in Figure 10. We expand on each component below, but the sequence is
this: 1) transform items into text by digitizing the item; ii) embed the item text; iii) train a flexible
ML model g(text); iv) construct an inverter from embedding back to text (a decoder) v) traverse
the gradient of our model g(text) to generate from a base a higher-w predicted text and a lower-w
predicted text; vi) compare those set of questions to extract features detected by g(text). We
explain in more detail below.

We adapt the gradient-guided morphing idea from Ludwig and Mullainathan (2024) to work
with text, which requires dealing with two wrinkles specific to language. First, we estimate a
smooth, on-support mapping from sentence embeddings to item prices so that the implied local
gradients behave like genuine comparative statics in text space-i.e., they actually tell us something
economically meaningful about how wording changes predicted prices. Second, we build a con-
strained, embedding-aware editor that turns small steps in representation space into minimal, valid
edits of the original sentence, using compact embeddings so that the inversion step is reliable in
practice. To make all of this concrete, we follow the sequence-encoding setup used for economic
text in Du et al. (2024) and rely on LLM-based sentence encoders in the spirit of BehnamGhader
et al. (2024), which give us the kind of stable local geometry we need for both the price functional
and its gradient. Our procedure is designed as an interpretable alternative to gradient-flip methods
such as HotFlip, whose objective is adversarial rather than explanatory (Ebrahimi et al., 2018).
Finally, within the literature that uses item text and embeddings to predict item-level character-
istics, our approach complements Kapoor et al. (2025)—who predict difficulty via low-dimensional
projections and penalized regression—by adding gradient-based local comparative statics and an

inverter to return human-legible “up” versus “down” contrasts.

28



Figure 10: Prediction sequence

Digitized Predicted
ltem item Embedding dg(-) / Oe weight
0.6,0.3,0.1, ...
Embedding !
Model ML Model R
> (e.g.Llama3/ 0.8,05,0.3,... (e.g.NN) i
Llm2Vec)
0.4,0.2,0.9,...
Gradient-adjusted |
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7.2 Item’s text as embeddings

As is well known, language and unstructured text like the one in test items is a highly dimensional
object. The way to get around this extreme high-dimensionality problem is to embed the text,
usually with an already trained large-language embedding model. Although the model specifics
vary somewhat, these models have been trained to complete a next-token prediction, and have
been shown to represent the text in a space that captures its meaning (or semantic structure).
For our application, we use Llama 3 (8 Billion parameters version). This embedding occurs in
a 4096-th dimensional space. Figure 11 presents the overall flow from the booklet information,

passing to the digitization, to the final embedding.

Figure 11: Item Digitization and Embedding

ftem Digitization Embedding

3  The diagram shows a rectangular living room

. The followi i ti i tandardized
floor. Each square is 1 square foot. e following is a question in a standardize

school test for grade 5 and subject math.
The question has a stem, and answer options and

includes image descriptions for either the

question stem or answer options if applicable.
Sometimes the question includes a passage that
0.6,0.3,0.1,

provides additional information required to
answer the question.
Passage Stem: [Not applicable]‘
Passage Image Description: [Not applicable]
Question Stem: The diagram shows a rectangular

_> living room floor. Each square is 1 square foot. _>| 0.87 0.5, 0.37 . e |
What is the area of the floor?
Question Image Description: A grid rectangle
representing a floor, composed of squares, 15
columns by 9 rows.

What is the area of the floor? Answer Images: No | 047 02, 097 000 |
Answer Options:

A 24sqft 1. 24 sq ft

B 48sqft 2. 48 sq ft
3. 96 sq ft

C 96sqft 4. 135 sq ft

D 135sqft 5. [Not applicable]

We find that the embeddings of the item texts are able to capture important features of the data.

29



Figure 12 shows the Uniform Manifold Approximation and Projection (UMAP) of the embedded
item data into two dimensions (Mclnnes et al., 2018). Math (blue) and reading (orange) are very
clearly differentiated in this projection, suggesting that they tend to occupy different locations in

the embedding space.

Figure 12: Embeddings Differentiate Math and Reading

UMAP Projection Colored by Section
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Dimension 2
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Notes: The figure shows the 2 dimensional representation of the embedding coordinates by the UMAP method.

7.3 Predicting weights Q as a function of text

Once we have the embeddings, we adopt a Neural Network for the flexible estimation of g(text)
(details are in Appendix J). Although we also considered an XGBoost, we preferred adopting a
neural network as the performance was comparable, and the NN had the extra benefit of being
fully differentiable for our next step. The model is estimated with a cross-fitting method, with 5
folds - each with a random sample of all questions ?. We present below the out-of-sample (OOS)

performance for each left-out fold, and the final prediction model is the ensemble of each of those.

ML model detects new features: In order to see if the ML model detects new features, we
present the out-of-sample R? for the model. In thinking about how much variation in Q these
featured can explain, it is important to adjust for the fact that Qis estimated; for each item m,
we have W, = Wy, + e, Where e, is a noise term that comes from the first-stage estimation of the
anchor model. These errors will tend to bias down our R? estimates relative to what we would find
if we could somehow observe 2 perfectly. Because each item weight is estimated via cross-fitting,
we treat the ML predictor for item m as fixed with respect to the first-stage estimation error,
conditional on € (?Bach et al., 2021). This allows for a straightforward correction to R? which
removes the variation in coming from estimation error which should not itself be explainable by
the item texts or other factors. Appendix I presents the derivation of this correction. We present

the comparison between the raw R? and the corrected one in Figure I.1.
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The resulting out-of-sample (OOS) R2s corrected for the first-stage estimation error are pre-
sented in Figure 13. This figure demonstrates that the text embeddings recover new elements that
help explain the item weights in Q. The figure shows the OOS corrected R?s for different sets of
controls in R both with and without the text embeddings included as additional controls. 46

The figure reveals two key findings. First, including the text embeddings always significantly
increases the OOS R? — the boost is typically 20-60% of the baseline R%2. The boost is similar
for different non-text controls sets, suggesting further that the information captured by the text
embeddings are not well explained by standard psychometric item variables such as difficulty,
discrimination, and learning objective. Second, only a relatively small share of the variation in Q
is explained by any of these factors, with the corrected R?’s never exceeding 0.25. Most of the

variation in the item weights is not explained by any features we observe.

Figure 13: Embeddings Recover New Elements that Explain Returns
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Inspecting the model further:  Another way to probe what the model sees is to compare how
the model prediction relates to other item-level observable characteristics, and to the correlations
we already knew from Section 6.1. To test if this is the case with the predicted returns by g(-),
we regress the prediction of the model on a series of characteristics. Figure 14 shows the extent to
which the embeddings alone can predict item observables.

For example, as shown in panel (a) of Figure 7, math items tend to have higher returns than
reading ones. When we look at the predictions of the model (-) we see something very similar.
Overall, the embedding are able to predict whether a question is a math or reading question and to
some extent the difficulty of the question. However, the embedding alone cannot predict the position
of the question in the test. This is important because, if g is extracting skill-relevant content from
the text, nothing in the text should predict where the item appears; indeed, embeddings exhibit
essentially no power to predict item position. Finally, the embeddings are also not able to predict

whether a question is high discrimination or not - which we found are not critical to predict the

46We considered other ML approaches such as random forests, nearest neighbor, etc. but in every case, (i.e., with
every control set we considered) XGBoost dominated other models.
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actual w, as shown in Figure 7.

Figure 14: Item-level Observables Captured by Text-Based Prediction
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7.4 Understanding Skills Through Generated Pseudo-Tests

Because our predictor g(-) is differentiable in the item embedding e;, we study local alterations to
an item by moving the representation in the direction of the derivative of predicted price @w. Let
dj = Veg(e;) denote the gradient at item j. We then consider the path e;(7) = e; + 7 - ¥; where
0 = dj/||d;|| and choose the step size T by two criteria: (i) support plausibility—the morphed point
remains close to the empirical manifold of observed items as measured by a k-NN or Mahalanobis
radius; and (ii) monotone improvement—g(e;(7)) — g(e;) > 0 for “upward” morphs (and < 0 for
“downward” morphs). To reduce sensitivity to local curvature and estimation noise in g, we average
gradients across a small ensemble of networks. The resulting pair {e;(4+7),e;(—7)} defines a locally
most-promising direction along which predicted prices change.

We then map each morphed point e;(47) back into text using a embedding-conditioned generator
(the “Invertor”) that proposes minimal edits to the original stem, options, and exhibits. For each
base item j, this yields a triad: the original and two pseudo-items targeted to lower and higher
predicted prices. We screen candidates by semantic validity and content alignment (automatic
checks plus human review on a small subset), so that the comparisons are based on sensible items.

Human annotators, blinded to direction and predicted prices, conduct paired comparisons of the
high- vs. low-morph pseudo-items for each base item and open-code any salient textual, structural,
or cognitive differences. The labeling exercise is ongoing; upon completion, we will report the
aggregated difference patterns and evaluate to what extent the model-guided method produces

new skill hypotheses not included in our Standards-Based Skill Mapping (see Section 6.2).
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8 Conclusion

This paper demonstrates that standardized test scores, which aggregate item responses according
to psychometric principles, discard economically valuable information. Using administrative data
for the universe of Texas public school students linking nearly 1 billion student-item records for
3,555 items to longitudinal earnings records for 1996-2002, we show that different test items exhibit
dramatically different predictive power for wage earnings at age 25. We show that this variation
in item “skill prices” is consequential: achievement scales that weight items by these skill prices
yield white-minority achievement gaps that are roughly 50% larger than what standard achieve-
ment scales indicate. Moreover, these item-anchored scales substantially reorder individual student
rankings.

Our primary contribution lies in explaining what drives variation in item skill prices. To do this,
we use Al tools to digitize item texts from images of old test booklets. We then develop a novel al-
gorithmic method using LLMs to map test items to the Common Core State Standards, producing
the first systematic evidence on which academic skills best predict labor market outcomes. Math
skills dominate the highest-return academic skills. Within mathematics, procedural and computa-
tional skills outperform conceptual and interpretive tasks. Within reading, summarizing a text and
identifying its main idea outperform word meaning, character analysis, tone analysis, and other
more fine-grained tasks. We next show that machine learning models applied to the embeddings
associated with the item texts explain additional variation in skill prices beyond readily observable
item characteristics — item content and structure contain economically relevant information not
captured by standard psychometric parameters. Finally, we use modified LLM tools to generate a
large corpus of “pseudo-items” similar to those in the Texas data but which are predicted to have
unusually low and high returns. A direct examination of this corpus gives additional insight into
the drivers of item-level skill prices.

Our results have wide-ranging implications for education research and policy. Some test items
predict economically relevant outcomes much more strongly than others, and this paper pioneers
multiple tools that allow one to understand what is driving this variation. This understanding, in
turn, could inform almost every educational policy and decision imaginable. For example, knowing
which math skills have high returns could inform the design of math curricula. More generally, this
paper highlights the value of using item-level data and the power of AI/ML tools in analyzing such
data.
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Online Appendices

A Data Appendix

A.1 Texas Assessment of Academic Skills
A.1.1 Subjects and Objectives

Since 1996, the state of Texas testing program has consistently measured student learning across
subjects and grades every academic year. Table A.1 displays the subjects that are tested across all
grades for the Texas Assessment of Academic Skills (TAAS).

Table A.1: Test Subjects

Grades
3rd 4th 5th 6th 7th 8th 9th 10th 11th

Reading X X X X X X X
TAAS Mathematics X X X X X X X*
1996-2002  Writing X X

Notes: * Exit exam. Typically administered in 10th grade, and ocasionally in 11th grade.

Table A.2 provides and overview of the test structure across grades for both reading and math
standardized test administrations. On average, reading tests were designed with fewer items than
math tests.*” Students tend to respond correctly to reading items at a higher rate than math ones.

Finally, the number of items increase as grade level increases.*®

Table A.2: Item-level Statistics

(1) (2) (3) (4) (5) (6) (7) (8) 9) (10)
Reading Mathematics

No. Correct IRT Diff. IRT Disc. No. Correct IRT Diff. IRT Disc. Obs. Booklets
Grade 3 36 0.82 -1.38 1.71 44 0.79 -1.48 1.36 1,716,485 0.71
Grade 4 40 0.80 -1.43 1.54 50 0.79 -1.55 1.40 1,779,431 0.86
Grade 5 40 0.82 -1.47 1.49 52 0.81 -1.61 1.37 1,764,271 0.86
Grade 6 40 0.79 -1.22 1.54 56 0.79 -1.35 1.46 1,814,889 0.86
Grade 7 45 0.80 -1.29 1.55 58 0.74 -1.08 1.45 1,827,132 0.71
Grade 8 48 0.79 -1.31 1.51 60 0.74 -1.17 1.44 1,855,899 0.43
Exit 48 0.75 -1.29 1.52 60 0.69 -0.85 1.55 1,974,388 0.86

The TAAS was designed to measure broad learning objectives consistently over time. For each
testing item, we observe which learning objective it corresponds to. Table A.3 presents a list of

these objective for Reading and Mathematics tests.

“TThe number of items for each grade-year combination did not change throughout the period of our study (1996-
2002).
483ee Section A.1.3 for more details on the selection process of test items.

39



Table A.3: Summary of Reading and Mathematics Objectives

No. | Reading Math
Word Meaning Number Concepts
Supporting Ideas Algebraic Understanding
Text Summarization Geometric Properties
Identify Relationships | Measurement Concepts
Analyze Inferences Probability Statistics

Recognize Perspectives | Addition Problems
Subtraction Problems
Multiplication Problems
Division Problems

© 00 O Ui WK

10 Estimate Solutions

11 Solution Strategies

12 Mathematical Representation
13 Solution Evaluation

A.1.2 Scaling

The TAAS scale scores were derived using a one-parameter Item Response Theory (IRT) or Rasch
model. Under the Rasch model, the probability that a person n with (unobserved) ability 6,

answers an item ¢ with difficulty é; correctly, is defined as:

o exp (6, — 6;)
PO = = T (B, — 69

)

(8)

Under a logit formulation, the Rasch model yields a difficulty estimate for each test item (51)
and latent ability estimate for each student (6;).

The TAAS scale scores are calibrated under a 70%-correct standard, which means that a 04ndard
is defined to be the student ability level that on average leads to a 70% correct rate. Osandarq 1S also
know as the R at standard and can be interpreted as the logit-scale ability estimate for a typical
test taker who earns 70% correct on the test, under the Rasch model.

The scale score at this standard is then set at 1500 — the passing standard. All other deviations

on the logit scale as transformed following:

R-R
score = atstandard . 900 + 1500 (9)
OR

Under this transformation, scale scores range from 400-2400 with a passing standard set at 1500
(corresponding to 70% correct standard). This scale transformation also ensures that the passing
standard is maintained at the same level of difficulty across administrations. However, note that the
passing standards are set independently at each grade. Thus, direct comparisons of performance

across grades should not be made.
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A.1.3 Item Selection

The development, publication, and distribution of TAAS was contracted out to Harcourt Education
Measurement (HEM — now Pearson PLC). HEM item writers developed items for TAAS that fell
under their specific content-area knowledge or their teaching/curriculum development experience
— many item writers were current or former Texas teachers. HEM provided training to item writers
that highlighted the scope of the testing program, security issues, adherence to the measurement
specifications, and avoidance of possible economic, regional, cultural, gender, and ethnic bias. Items
were reviewed annually by HEM to check the appropriateness of the items to the test objectives,
difficulty range, clarity of the items, correctness of answer choices, and plausibility of the distractors.
As well as their depiction of minority, gender, and other demographic groups.

Items were then submitted to the Texas Education Agency (TEA) for review. For this re-
view TEA’s Student Assessment Division convened committees composed of teachers, curriculum
directors, principals, superintendents, and administrators from regional education service centers
to work with TEA staff in reviewing test items developed by HEM. Under this review, the com-
mittees scrutinized each item for content-to-specification match, item difficulty, plausibility of the
distractors, and any potential ethnic, gender, economic, or cultural bias.*’

At the end of this vetting process by TEA’s Student Assessment Division, items were then
field tested. Newly developed items were embedded in regular Spring test administrations for
representative samples of students from across the test. Student responses for these items were not
included in their test score calculation. Rather, these data were reviewed to determine whether

new items would be included in the following testing cycle.?"

A.1.4 Other

Figure A.1: Question Examples By Type

(a) No Image - Image (b) No Image - No Image (¢) Image - Image (d) Image - No Image
10 “.l-hl(‘ll .:]mws a line of symmetry on the 8 Clint had a cube-s hI'IpEI'J box with Ed!{l?:! 18 Which nail is closest to 1 inch long? Mark your answer. 3 The diﬂ\g:‘am s}‘mws a réctangular living room
picture? Mark your answer. . . floor. Each square is 1 square foot.
12 inches in length. What was the volume T T T T T T T T
/; of the box? ‘ w1 2 3 48
i

i —

1728 in.” =

r
G 1296in."

H S64in*

= ’—f’—’ J 576in." =

. ‘What is the area of the floor?

A 24sqft
B 48sqft
C 96sqft

— / =) D 135sqft

“The TEA review was exhaustive. For example in 1999 these committees met 75 times to review all newly
developed test items and all new field test data.
59 Annual test releases to the public did not include these field testing items.
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Figure A.2: Relationship Between IRT Estimates and Proxies

(a) Difficulty IRT & Percent Correct (b) Discrimination IRT & Biserial Correlation

1- % Correct
Biserial Correlation
kN

IRT Difficulty IRT Discrimination

A.2 Anchoring Timelines for Earnings

We focus on exploring the anchoring timeline for student wages at ages 25, 30, and 35. Panel (a) of
Figure A.3 presents the mapping between testing year (horizontal axis) and earnings at ages 25 year
(vertical axis). This plot shows that for all grades between 1996-2002 we expect to have complete
and reliable wage information for students when they turn 25. For example, a third grader that is
tested in 2002, will, on average, turn 25 years of age in the year 2018. Because we have earnings
data up until 2019, we can expect to have good quality earning matches for this group of students.

To examine empirically whether this is the case, panel (b) of Figure A.3 displays the share of
students for which we observe wages at age 25 across grades and time. This figure shows that, on
average, we observe stable earnings data at age 25 for all grades and years, with a match rate of
around 72% across grade-year combinations.

Panels (c¢) and (d) of Figure A.3 show analogous plots for earnings captured at age 30. At this
age, panel ¢) shows that some early grades tested at later years (e.g. third graders in 2002) would
not have feasible matches as they have not yet turned 30 by 2019. This is corroborated by panel d)
of Figure A.3 that shows low earnings match rates for these grade-year combinations. The average
match rate for feasible grade-year combinations is 66% for earnings at age 30. Finally, panels and
(e) and (f) of Figure A.3 show analogous plots for earnings captured at age 35. At this age, we
are unable to capture reliable earnings information for most grades and years (as shown by low

earnings match rates in panel (f)).

A.3 Booklet Data
A.3.1 Booklet Availability

Table A.4 presents test booklet availability by grade-year. An ‘X’ indicates that the test booklet for
that grade-year was recovered and digitized. All test booklets in 1996 are missing. For subsequent

years, some grades are missing booklets. Overall, we were able to recover 88% of the test booklets
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Figure A.3: Earnings Anchoring Timeline for Test-takers
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for the years 1997-2002.

Table A.4: Booklet Availability

School Year Grade 3 Grade4 Gradeb Grade6 Grade7 Grade8 Exit
1995-1996
1996-1997
1997-1998
1998-1999
1999-2000
2000-2001
2001-2002

RNl
PP P e
Rl
SRRl Rl
Mok X
aRalle

SRR Rl

A.3.2 Embedding format

Once the booklet data from each test-item has been digitized, we use a predefined template to then
pass to the embedding model. Our first format, presented below, follows a similar structure to Du
et al. (2024) who structure the job trajectory of survey respondents. We add more structure by
adding tags to open and close specific parts of the test, such as the question options, though. This
is called the Question’ embedding (Listing 1). Next, we present the format for the expanded text,
which takes as input the description from OpenAl on the skills required to answer the question,
what are the steps required to solve the question, and what are the potential challenges in answering
(Listing 2).
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Listing 1: Question embedding

<QUESTION >
<METADATA>
<GRADE >{grade}</GRADE>
<SUBJECT >{section}</SUBJECT>
</METADATA>
<PASSAGE>
<STEM>{pass_stem}</STEM>
<IMAGE_DESCRIPTION >{passage_image}</IMAGE_DESCRIPTION >
</PASSAGE>
<QUESTION_STEM>
<TEXT>{q_stem}</TEXT>
<IMAGE_DESCRIPTION>{q_image_description}</IMAGE_DESCRIPTION >
</QUESTION_STEM>
<ANSWER_OPTIONS image_flag="{a_image_yn}">
<0OPTION id="1">{al1}</0PTION>
<OPTION id="2">{a2}</0PTION>
<OPTION id="3">{a3}</0PTION>
<OPTION id="4">{a4}</0PTION>
<OPTION id="5">{ab}</0PTION>
</ANSWER_OPTIONS >
</QUESTION>
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Listing 2: Question+ Skills embedding

<QUESTION >
<METADATA>
<GRADE >{grade}</GRADE>
<SUBJECT >{section}</SUBJECT>
</METADATA>
<PASSAGE>
<STEM>{pass_stem}</STEM>
<IMAGE_DESCRIPTION >{passage_image}</IMAGE_DESCRIPTION >
</PASSAGE>
<QUESTION_STEM>
<TEXT>{q_stem}</TEXT>
<IMAGE_DESCRIPTION>{q_image_description}</IMAGE_DESCRIPTION >
</QUESTION_STEM>
<ANSWER_OPTIONS image_flag="{a_image_yn}">
<0OPTION id="1">{al1}</0PTION>
<OPTION id="2">{a2}</0PTION>
<OPTION id="3">{a3}</0PTION>
<OPTION id="4">{a4}</0PTION>
<OPTION id="5">{ab}</0PTION>
</ANSWER_OPTIONS >
<QUESTION_SKILLS>
<SKILL id="s1">{skill1l}</SKILL>
<SKILL id="s2">{skill2}</SKILL>
<SKILL id="s3">{skill3}</SKILL>
</QUESTION_SKILLS>
<QUESTION_COMPLEX_STEPS>
<COMSTEP id="c1">{stepl}</COMSTEP>
<COMSTEP id="c2">{step2}</COMSTEP >
<COMSTEP id="c3">{step3}</COMSTEP>
<COMSTEP id="c4">{step4}</COMSTEP>
</QUESTION_COMPLEX_STEPS>
<QUESTION_CHALLENGES >
<CHALLENGE id="ch1">{challengell}</CHALLENGE >
<CHALLENGE id="ch2">{challenge2}</CHALLENGE >
<CHALLENGE id="ch3">{challenge3}</CHALLENGE >
</QUESTION_CHALLENGES >
</QUESTION>
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B Testing and Validating the Item-Anchored Scales

Table B.1: Item-level Tests for Statistical Differences Across Specifications

(1) (2)
Rejected  Main v. County FE Main v. White Males
5%-level 0.13% 1.16%
10%-level 0.19% 1.50%

Notes: This table presents the results of item-level statistical tests for differences in estimates between our chosen
specification and an alternative one. Column (1) presents results of differences between our main specification
and one that uses county FE instead on commuting zone FE. Column (2) presents results of differences between
our main specification and one that restricts the sample to white males one. p-values were adjusted using a
Bonferroni correction at the grade-year level.

We first document that there is wide variation in how strongly individual test items relate to out-
comes. For example, Figure B.1 and Figure B.2 present “unconditional” item returns. That is, for
each item, we simply calculate the difference in mean earnings for students answering the question
correctly versus incorrectly: A = R[S |D;ij = 1] — R[S |D;; = 0]. While these mean differences are

always positive, they vary tremendously, and some systematic differences by subject are evident.
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Figure B.1: Unconditional Item-level Re- Figure B.2: Unconditional Item-level Re-
turns for 3rd Grade in 1996 turns - All grades & years

The actual OLS estimates of €2, which are the baseline estimates we use for much of our analysis,
assign negative weight to some items.”! Figure B.3 shows the distributions of the math and reading
weights for In(wage), pooled across years and grades. Again, the spread in item weights for both
subjects is evident. Moreover, this figure highlights one of the key findings of the paper: the math
items, on average, have higher weights. This is a consistent finding across our many analyses."?
Figure B.4 shows, moreover, that an item’s outcome weight depends on the specific outcome used

as the anchor. Looking across high school graduation and college enrollment, the item weights are

51 As regards the item-anchored achievement scales, consistent with Nielsen (2019, forthcoming), we do not see
notable differences if we instead use LASSO or if we allow for richer functional form specifications. As mentioned
previously, we plan to explore Shapley values and other more general measures in future analysis.

52While these individual item weights are of course estimated with error, we can strongly reject equality of the
item weights for all grades/subjects/years. Moreover, even accounting for multiple testing using the conservative
Bonferroni correction, we are also able to reject equality in a significant share of pairwise item comparisons.
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positively correlated but not identical.
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The wide range of item weights depicted in Figure B.1-Figure B.4 already provides substantial
motivation to investigate what factors explain these differential returns. Nonetheless, we provide
yet more motivation by showing that constructing alternative achievement measures using these
item weights to aggregate has important implications for the measurement of achievement. The
idea is to define student i’s achievement to be E[S;|D; = d;] and to then estimate this achievement
using the estimated weights in 2. This procedure produces alternative achievement measures better
aligned with the outcome S.

7?7 and 77 exemplify two key general results from this analysis. First, the item-anchored achieve-
ment scores often rank individual students very differently from the given achievement scores. 77?7
plots for grade 3 students in 1996 the given math+reading score ventiles on the z-axis against the
ventile-conditional means, 50 percent ranges, and 90 percent ranges of the In(wage) item-anchored
scores on the y-axis. There is wide variation in the item-anchored scores even among students
with very similar given scores — the ventile-conditional 90 percent ranges often cover 2 sd or more.
Other grades/years/outcomes show similarly wide conditional variation in the item-anchored scores.
Moreover, this variation reflects more than just measurement error in the item-anchored scales:
Wald tests strongly reject equality of the item-anchored scores within each ventile in virtually all
cases. In fact, we can reject equality in almost all cases even within each percentile or half percentile

of the given score distribution.
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C Achievement Gaps and Attenuation Bias

To illustrate how item-anchored and given achievement gaps can differ, even when they are on the
same scale, suppose that the (population) item-anchored (4;) and given scores (Z;) are both given
by weighted sums of the items, where both sets of weights sum to one:>® A; = YomwWmDim, Z;i =
> @mDj . Then, consider the mean achievement difference between students from groups H and
L, and let py, g = E[D; ,|i € H| and py, 1, = E[D; n|i € L] be the probabilities of correct answers
to item m for groups H and L respectively. Then the difference in the item-anchored and given

H — L achievement gaps is given by

Z(wm — am)(Pm,H — Pm,L)- (10)
m
This equation shows that, abstracting from scaling differences, item-anchored and given achieve-
ment gaps will different if the two scales weight items differently that are answered by the two
groups under comparison at different rates.

A naive estimate of the achievement gap between groups H and L would be the in-sample mean
of A for group-H students less then mean for group-L students. However, this estimator will be
biased — measurement error in A will tend to attenuate this naive estimator towards zero. That is,
sampling variability in O means that /lz = A; + v; for some error term v;.%*
Supposing that A ~ N(4,0%) and v ~ N(0,02),

o4

E[S|A;] = Ra,A; + (1 — Ra,)A, where Ra, = (11)

o4+ o2
Equation (11) is intuitive: because the anchored scale is a noisy estimate of true (anchored) achieve-
ment at the individual level, the best guess of student i’s achievement gives weight to both the
observed, noisy score for ¢ and the population mean score. Student i’s estimated score is given
more weight in this sum the less noisy a measure it is (that higher is R4 ,). Thus, letting Ay and

Ay denote the group-level averages of /l, we get
plimy_,oo (A — Ar) = Ra,(Ag — Ap) < (Ag — Ap). (12)

Equation (12) shows that, while “shading” towards the population mean is optimal at the individual
level, this shading is not needed for group mean achievement differences because measurement error
in the estimated anchored scales is immaterial at the group level.

Thus, the consistent estimation of (Ay — Ap) requires a consistent estimate of R A- Consider
the ordinal least squares estimate 4 from flz = k +7S; + ¢. Because S; is a noisy estimate of A;,

via equation (?7), 4 will be attenuated towards zero. To solve this errors-in-variables problem, we

53For given achievement scales based on item response theory, the weighted sum formula below will be an approx-
imation. This approximation will be more accurate the more items the test has.

541f f is correctly specified, which is the assumption we maintain throughout this analysis, v; will come only through
sampling variability in ©. More generally, 1; would also pick up any misspecification in the anchoring relationship f.
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seek an instrument for S;, some Z; that is correlated with A; and uncorrelated with 7;.

The richness of our item-level data and the large size of our year-grade samples allows for the
construction of many such instruments by estimating models separately using disjoint subsets of
the test items. In particular, let Dgl) and DZ@) denote the odd- and even-numbered item responses
for student 7. We then use the item and outcome data to estimate A,gl) = f(DZ(l),Xi; é)(l)) and
fll@) = f (DZQ),XZ-;@@)). In words, Agl) and fl?) are the estimated item-anchored achievement
measures using only the odd and even items. Each of these scores is a noisy measure of A;. We thus
take AZ(-I) as our “base” measure of item-anchored achievement. We then use the even-anchored
scores {Ai@)} to construct the necessary instruments for the odd-item achievement estimates.

)

An instrument for .S; when fll(l is the base achievement measure is the average S among test
takers other than i (to avoid a mechanical correlation) but who nevertheless have the same value
of A® as i. That is,
1 -1
7N = N; S, (13)

jiAD=A"

where N; is the number of students other than i satisfying the condition flg-l) = Agl). This con-
dition ensures the relevance of the instrument, and exogeneity is guaranteed by the leave-on-out
construction.

In broad outline, then, our approach consists of the following steps:

1. For a particular choice of f and estimation approach, estimate Agl) =f (Dfl),Xi; é(l)) and
AP = f(DP, X;:61).

2. Estimate the biased achievement gap between student groups H and L using the sample

(1)
IV o (DRI o (0}
Ny v Np, v

averages of A,
icH icL

(1)

)

(1)

3. Construct ZZ»(l) according to equation (13). Regress Al on S;, instrumenting S; with Zi1 .

Denote the resulting IV coefficient by &ﬁ/) This regression coefficient estimates R4 ,.

4. Estimate the corrected H L item-anchored achievement gap by Anr / ’Ay%/)

50



Table C.1: Balance Across Observables for Odd and Even Items

0 ©® 0
Even Odd Difference

IRT Difficulty -1.285 -1.325 0.040
IRT Discrimination 1.481  1.489 -0.009
Percent Correct 0.798 0.804 -0.006
Biserial Correlation 0.435 0.435 -0.000
Math 0.562  0.560 0.002
Question # as % 0.520 0.501 0.019*
Grade: 3 0.118 0.118 0.000
Grade: 4 0.133 0.133 0.000
Grade: 5 0.136  0.136 0.000
Grade: 6 0.142 0.142 0.000
Grade: 7 0.151  0.153 -0.003
Grade: 8 0.160  0.159 0.000
Grade: Exit 0.160  0.159 0.000
Observations 4739
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D Assessing Different Anchor Models

This appendix presents evidence justifying our reliance on simple linear-in-items anchor models
estimated via OLS. We provide two lines of evidence. First, we show that different, plausible
anchor model specifications and estimation approaches yield similar A; and Q estimates. We then
discuss the results of a number of Monte Carlo experiments which demonstrate that linear OLS

works “well” even in settings where the true data generating process is not linear.

D.1 Anchor Results Under Different Model Specifications
D.2 Monte Carlo Analysis

In this section, we report the results of a number of Monte Carlo experiments designed to assess
the performance of linear-in-items OLS models in situations where the data generating process is
known to contain nonlinearities (interactions). Across a wide variety of true data-generating models

with different numbers of two- and three-way interactions, we find that OLS performs quite well.

Data Generating Process

We generate data according to the following process:

1. We fix N as the total number of students and M as the total number of items. We set R? as

the desired share of outcome variation due to the items.
2. Each student i’s academic ability 6; is drawn independently from N (0, 1).
3. For each item m, we set the IRT parameters and item response probabilities as follows:

Guessing: ¢, = 0.25, Vm
b

(a)

(b)

(c) Difficulty: b,, ~ N(0,1) drawn independently Vm
)

Discrimination: a,, =1, Vm

(d) For each (i,m), the probability of a correct response is given by the three parameter

logistic IRT model:
1—cpyp,

]_ + e*am(aszm) ’

Dijm = Cm +

4. For each ¢, we construct the vector of item responses d; by drawing each d;,, from a

Bernoulli(p; ,,,) distribution.

5. For each item m, we construct the “linear” item outcome weights according to
Wiy = p 7 * b+ &

where &, ~ N(0,07). In this formulation, p gives the average outcome weight, and 7 controls

how strongly related are item difficulty and outcome weight.
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6. Achievement under linearity is then defined by

Agl) = Zw%) * dim-

7. The observed outcome under linearity is
1) _ 4@ 1)
Si = AZ. +v;

where vgl) in an iid draw from N(0,5%). Here, 57 = 176;"(1424)(1/]?2 — 1) is set so that items

explain a fraction R? of the variation in S.

8. We generate achievement and outcomes with two-way interactions by supposing that, for each
pair of distinct items m and m/’, there is a non-zero interaction between them with probability
p@). That is, for each pair (m,m’), we draw wg?m, from a Bernoulli(p(?)) distribution. We
generate interactions until we reach a fixed number T3 < (]\2/[) set as a parameter of the

simulation.

9. If wg?m, = 1, we generate an interaction weight for (m,m’) according to wﬁj’)m/ ~ N(pg,03).

In practice, throughout we set p2 = 0 and o3 = 1. If wg)m, =1, we set wr(j)m, = 0.

10. The true achievement with interactions is then given by

AEQ) = Az(l) + Z Z wg,)m’wf:,)m’di,mdi,m’-

m m/#m

2)

[

2)

11. Then, as in the linear case, we construct the observed outcomes Si(z) = AZ(-Q) + ;7 with v;

distributed normally with a variance chosen as in the linear case so that items (with the

relevant interactions) account for a share R? of the variation in Si(z).

12. The three-way interaction achievements {Agg)} and outcomes {SZ(B)} are constructed following
an analogous process. Thus, for both the three-way and two-way interactions, there is no
systematic relationship between the “kinds” of items that are interacted. We generate three-

way interactions up to T) < (A?{)

13. The end result for a given choice of parameters, sample sizes, etc., is a data set for NV
individuals where each i € N is defined by (Agl), S.(l), A(2), SZ»(z), AZ(.S), SZ-(S), d;). We also retain

3 3

(W@ O P2 @ @) 7e),

m,m’? “mm/ m'> m’

Assessing Different Anchor Models

For each combination of parameters and each interaction order (1-way, 2-way, 3-way) we estimate

the following models:
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1. Linear OLS: This corresponds to the baseline specification from which we calculate Q in the

main body of the paper. We simply run a linear regression of S*) on D, where k € {1,2,3}.

2. Linear Lasso: We estimate the exact same specification as the linear OLS case, but instead

we fit a LASSO model with the penalty parameter set by cross-validation.

3. Multi-Way Lasso: We estimate Lasso models that consider all possible item interactions of
all orders up to whatever order interaction actually generated the data. Thus, for example,
if we are considering S, we fit a LASSO model where the right-hand side consists of item

indicators and indicators for each possible item interaction ((1\24 ) + M total indicators).

4. Random Forest: We estimate random forests for each model using the ‘ranger’ package in
R with the number of trees capped at 500. We consider multiple different values of ‘mtry’,
which is the parameter that governs the size of the random subset of items considered for each
split of a node. We first fit random forests with mtry=1, which constitutes extreme feature
subsampling. The trees tend to have low correlation in this case. We also assess random
forest models where mtry is set to either the order of the interaction being considered, M /3,

or VM, with the last two being commonly-employed rules-of-thumb (Hastie et al., 2008).
Our simulations proceed through the following steps:

1. Select a sample size N and number of items M, and then generate data according to the

process outlined above.

(a) Weset p=4, uyo=p3=2,7v=1, 01 =09 =03 =0.1, and R? = 0.2.
(b) We consider N € {20,000; 200,000} and M € {50, 250}.

2. Randomly split the sample in half. Estimate the models listed above on one of the random
subsamples. Then, compute Q using each fitted model using the other random subsample
(the holdout).

3. For each model, compare the elements of Q to the estimated “true” weights given by

—_

(1) _ w(l)

Ar(nQ) = + Z Z wq(j)m/wq(j m’A[ i’m”Di’m - 1}
m m'#m
AT()E)) = 727(;3) + Z Z Z w;j)m m”wfs)m ,m/ E[D@m/Di,m”‘Di,m - 1]7

m m/#mm'’ #m/

where
=~ E Hdzmdzm’
E[D;pm/|Dim =1 = =EF—-"
DD = 1) = S
~ IS, PN) PR, P
E[Di,m’Di,m”|Di,m = 1] = ZZEH m C’le m )
e dim
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That is, we compare errors defined by eg,f) = d},(ﬁ) — %T(f ) for k € {1,2,3}.

Result 1: OLS has low bias in all cases considered.
Notably, OLS performs well, in the sense of being approximately unbiased, even in the face of

two-way and three-way interactions. This result is evident in Figures D.1 and D.4 below.

Result 2: OLS and LASSO perform very similarly in all cases considered.

Figure D.1 provides a representative picture of the OLS vs. lasso comparisons in our Monte Carlo
experiments. The left panel compares the error distributions for OLS and various lasso models for
a data generating process that features two-way item interactions but no higher-order interactions.
The right panel shows analogous error distributions for a case with both two- and three-way item
interactions. In both panels, it is clear that the OLS estimates have very similar mean errors and
RMSEs as the lasso models. Typically, the lasso models that are correctly specified (i.e. two-way

interactions when that is the true dgp) perform best, but the OLS estimates are never far behind.?®

Figure D.1: OLS versus LASSO Estimates of {2

Error Distribution (Omega - True) All Methods —— 2-Way Int (max500) Error Distribution (Omega - True) All Methods —— 3-Way Int (max500,1000)

0.00
L

Erfor (Omega - True Weight) Error (Omega - True Weight)

Figure D.2: Two-Way (N =20k; M = 50) Figure D.3: Three-Way (N =20k; M = 50)

Notes: The left panel shows the error distributions for € for the case with two-way interactions. The right panel show the same but for data-
generating processes featuring both two-way and three-way interactions.

Result 3: OLS often performs better than random forests.

Figure D.4 provides a representative picture of the OLS vs. random forest comparisons in our
Monte Carlo experiments. The left panels compare the error distributions for OLS and various
random forest models for data generating processes that feature some two-way item interactions
but no higher-order interactions. The right panels show analogous error distributions for cases with
both two- and three-way item interactions. In all panels, it is clear that the OLS estimates have
lower mean errors than any of the random forest estimates. When there are a large number of

items, the random forest models do show lower RMSEs, but they also show clear bias.

55We do not show results for N = 200,000 and M = 250 as we do for random forests below due to computational
limitations.
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Figure D.4: OLS versus Random Forest Estimates of €2
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Figure D.5: Two-Way (N =20k; M = 50)
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Figure D.6: Three-Way (N =20k; M = 50)
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Figure D.7: Two-Way (N =200k; M = 250) Figure D.8: Three-Way (N =200k; M = 250)

Notes: The left panels show the error distributions for € for the case with two-way interactions. The right panels show the same but for data-
generating processes featuring both two-way and three-way interactions.

The data used in Figure D.4 feature interactions that are not too “concentrated” in the sense
that, conditional on having an interaction, a given item is likely involved in only a few total
interactions. Figure D.9 shows that the outperformance of OLS relative to the random forest models
is even greater for data generating processes with a high degree of interaction concentration.

[gg]When each interacted item is involved in many interactions, the random forests often ap-
parently miss some very high-value items (those that happen to have many interactions with other

items).
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Figure D.9: OLS versus Random Forest Estimates of 2 with High Interaction Concentration
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Figure D.10: Two-Way (N =20k; M = 50) Figure D.11: Three-Way (N =20k; M = 50)

Notes: The left panels show the error distributions for € for the case with two-way interactions. The right panels show the same but for data-
generating processes featuring both two-way and three-way interactions.

D.3 Double-Debiased Methods

The estimates for €2 assessed above suffer from a number of well-known problems inherited from the
ML models used to estimate f. First, because f is obtained from regularized /flexible ML models,
the plug in estimator for w can have non-negligible finite sample bias. Indeed, this is evident by
the non-zero locations of the error distributions in Figures D.1 - D.9. Second, w,,, averages over the
marginal distribution of D_,,, but the conditional distributions D_,,|D,, = 1 and D_,,,|D,,, = 0
might differ substantially. When the overlap in these distributions is limited, the plug-in estimator
can be sensitive to extrapolation into regions where either D,, =1 or D,, = 0 is rare.
Chernozhukov et al. (2018) develop a double/debiased machine learning (DML) approach that
corrects for model bias and reweights to address imbalance-induced extrapolation bias.’® The DML
estimator adds to the simple plug-in estimator w propensity-reweighted residual corrections with
cross-fitting to evaluate nuisance estimates out-of-sample.

To adapt the DML method to our setting define the following nuisance objects:

ISH

) = E[Y|Dp=1,D m=d_p]
Mm,O( 7m) = E[Y‘Dm =0,D_ = dfm]
Pm(d—m) = Pr(D,, =1D_,, =d_)

Mm,l(

IS

We estimate the nuisance functions iy, 1(z) and pmo(z) via lasso or random forests as the
case may be. The propensity scores we estimate via linear lasso. Then, the per-observation score
contribution is

dim 1- dzm

Eim = /lm,l(di,—m)_ﬂm,O(di,—m)+ﬁ (si = fim,1(di,—m)) ] (si — fim,0(di,—m)) -

B 1- ﬁm(di,—m
(14)

56Tt also handles overfitting concerns through cross validation. However, as the analysis above already used a
test-train split, this is not as much an issue (although cross-fitting could improve the efficiency of the estimates).
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The DML estimate for w,, is then given by
DML _ 1 3¢
m N : m -
(2

Intuitively, the residual terms correct errors in f(1,-) (f(0,-)), while the propensity weights
re-target those corrections to the marginal distribution of D_,, relevant for wy,.
We implement this approach using our same test-train samples as in the non-DML case (that

is, we do not employ K —fold crossfitting).

Figure D.12: OLS versus LASSO DML Estimates of €2
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Figure D.13: Two-Way (N =20k; M = 50) Figure D.14: Three-Way (N =20k; M = 50)

Notes: The left panel shows the error distributions for OPML for the case with two-way interactions. The right panel show the same but for
data-generating processes featuring both two-way and three-way interactions.

Figure D.15: OLS versus Random Forest DML Estimates of €
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Figure D.16: Two-Way (N =20k; M = 50) Figure D.17: Three-Way (N =20k; M = 50)

Figure D.18: Two-Way (N =200k; M = 250) Figure D.19: Three-Way (N =200k; M = 250)

The overarching conclusion we draw from this analysis is that OLS is acceptable for use in
estimating Q. This conclusion will hold so long as (1) the Monte Carlo dgp accurately enough
represents the true dgp in our analysis sample and (2) the number of two- and three-way interactions

is modest relative to (]g ) and (1\34 ) To be clear, OLS could well work also in the case that there
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are very many interactions; this case was simply not covered in our Monte Carlo analysis due to

computational limitations.

E Robustness Checks

Figure E.1: Relationship of Item Characteristics to Q

(a) Characteristics
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Notes: This figure plots analogous results to Figure 7 for the subset of items for which we were able to collect text data. Panel (a) of this figure
shows estimates of regression coefficients of estimated item-level returns (w) on observable item-level characteristics. All regressions have grade and
year fixed effects and are weighted by the inverse of the square of the SE of wy to account for estimate precision (Hedges and Olkin, 2014). Panel
(b) presents analogous estimates when the subject is further split into subject objectives as designed by test creators, using the base objective as

”Word Meaning - Reading”.
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F Common Core State Standards List

Table F.1: CCSS Codes and Short Description

1D Content Type Category Description

CCSS.ELA-LITERACY.RF.3.3 ELA Reading: Foundational Skills Apply phonics and word analysis
CCSS.ELA-LITERACY.RF.3.3.a ELA Reading: Foundational Skills Identify common prefixes and suffixes
CCSS.ELA-LITERACY.RF.3.3.b ELA Reading: Foundational Skills Decode words with Latin suffixes
CCSS.ELA-LITERACY.RF.3.3.c ELA Reading: Foundational Skills Decode multisyllable words
CCSS.ELA-LITERACY.RF.3.3.d ELA Reading: Foundational Skills Read irregularly spelled words
CCSS.ELA-LITERACY.RF.3.4 ELA Reading: Foundational Skills Read accurately and fluently
CCSS.ELA-LITERACY.RF.3.4.a ELA Reading: Foundational Skills Read with purpose and understanding
CCSS.ELA-LITERACY.RF.3.4.b ELA Reading: Foundational Skills Read aloud with accuracy and expression
CCSS.ELA-LITERACY.RF.3.4.c ELA Reading: Foundational Skills Use context to self-correct while reading
CCSS.ELA-LITERACY.RF.4.3 ELA Reading: Foundational Skills Apply phonics and word analysis
CCSS.ELA-LITERACY.RF .4.3.a ELA Reading: Foundational Skills Use phonics and morphology to decode words
CCSS.ELA-LITERACY.RF.4.4 ELA Reading: Foundational Skills Read accurately and fluently
CCSS.ELA-LITERACY.RF.4.4.a ELA Reading: Foundational Skills Read with purpose and understanding
CCSS.ELA-LITERACY.RF.4.4.b ELA Reading: Foundational Skills Read aloud with accuracy and expression
CCSS.ELA-LITERACY.RF.4.4.c ELA Reading: Foundational Skills Use context to self-correct while reading
CCSS.ELA-LITERACY.RF.5.3 ELA Reading: Foundational Skills Apply phonics and word analysis
CCSS.ELA-LITERACY.RF.5.3.a ELA Reading: Foundational Skills Use phonics and morphology to decode words
CCSS.ELA-LITERACY.RF.5.4 ELA Reading: Foundational Skills Read accurately and fluently
CCSS.ELA-LITERACY.RF.5.4.a ELA Reading: Foundational Skills Read with purpose and understanding
CCSS.ELA-LITERACY.RF.5.4.b ELA Reading: Foundational Skills Read aloud with accuracy and expression
CCSS.ELA-LITERACY.RF.5.4.c ELA Reading: Foundational Skills Use context to self-correct while reading
CCSS.ELA-LITERACY.RI.11-12.1 ELA Reading: Informational Text Cite evidence; note textual uncertainty
CCSS.ELA-LITERACY.RI.11-12.10 ELA Reading: Informational Text Read complex literary nonfiction (11-12 band)
CCSS.ELA-LITERACY.RI.11-12.2 ELA Reading: Informational Text Analyze multiple central ideas and interactions
CCSS.ELA-LITERACY.RI.11-12.3 ELA Reading: Informational Text Analyze interactions in complex ideas/events
CCSS.ELA-LITERACY.RI.11-12.4 ELA Reading: Informational Text Track and analyze refinement of key terms
CCSS.ELA-LITERACY.RI.11-12.5 ELA Reading: Informational Text Evaluate effectiveness of argument structure
CCSS.ELA-LITERACY.RI.11-12.6 ELA Reading: Informational Text Analyze how rhetoric and style create impact
CCSS.ELA-LITERACY.RI.11-12.7 ELA Reading: Informational Text Integrate and evaluate sources across media
CCSS.ELA-LITERACY.RI.11-12.8 ELA Reading: Informational Text Evaluate reasoning in seminal U.S. texts
CCSS.ELA-LITERACY.RI.11-12.9 ELA Reading: Informational Text Analyze themes and rhetoric in foundational U.S. docs
CCSS.ELA-LITERACY.RI.3.1 ELA Reading: Informational Text Ask and answer using text evidence
CCSS.ELA-LITERACY.RI.3.10 ELA Reading: Informational Text Read complex informational texts independently
CCSS.ELA-LITERACY.RI.3.2 ELA Reading: Informational Text Identify main idea and supporting details
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CCSS.ELA-LITERACY.RI.3.3 ELA Reading: Informational Text Explain relationships: time, sequence, cause
CCSS.ELA-LITERACY.RIL.3.4 ELA Reading: Informational Text Determine word meanings in context
CCSS.ELA-LITERACY.RI.3.5 ELA Reading: Informational Text Use text features to locate information
CCSS.ELA-LITERACY.RI.3.6 ELA Reading: Informational Text Distinguish own and author point of view
CCSS.ELA-LITERACY.RIL.3.7 ELA Reading: Informational Text Use visuals and text to understand events
CCSS.ELA-LITERACY.RI.3.8 ELA Reading: Informational Text Describe links among sentences and paragraphs
CCSS.ELA-LITERACY.RI.3.9 ELA Reading: Informational Text Compare two texts on key points and details
CCSS.ELA-LITERACY.RI.4.1 ELA Reading: Informational Text Cite details and examples; draw inferences
CCSS.ELA-LITERACY.RI1.4.10 ELA Reading: Informational Text Read complex informational texts proficiently
CCSS.ELA-LITERACY.RI1.4.2 ELA Reading: Informational Text Identify main idea; summarize the text
CCSS.ELA-LITERACY.RI.4.3 ELA Reading: Informational Text Explain events or ideas using text details
CCSS.ELA-LITERACY.RI1.4.4 ELA Reading: Informational Text Determine word meanings in context
CCSS.ELA-LITERACY.RI.4.5 ELA Reading: Informational Text Describe text structure and organization
CCSS.ELA-LITERACY.RI.4.6 ELA Reading: Informational Text Compare firsthand and secondhand accounts
CCSS.ELA-LITERACY.RI.4.7 ELA Reading: Informational Text Interpret information across media and formats
CCSS.ELA-LITERACY.RI.4.8 ELA Reading: Informational Text Explain how reasons and evidence support claims
CCSS.ELA-LITERACY.RI.4.9 ELA Reading: Informational Text Integrate information from multiple texts
CCSS.ELA-LITERACY.RL5.1 ELA Reading: Informational Text Quote accurately; infer from text
CCSS.ELA-LITERACY.RI.5.10 ELA Reading: Informational Text Read complex informational texts independently
CCSS.ELA-LITERACY.RIL.5.2 ELA Reading: Informational Text Identify multiple main ideas; summarize
CCSS.ELA-LITERACY.RIL.5.3 ELA Reading: Informational Text Explain relationships among individuals/ideas
CCSS.ELA-LITERACY.RI.5.4 ELA Reading: Informational Text Determine word meanings in context
CCSS.ELA-LITERACY.RL5.5 ELA Reading: Informational Text Compare structures across texts
CCSS.ELA-LITERACY.RL.5.6 ELA Reading: Informational Text Analyze multiple accounts; compare POV
CCSS.ELA-LITERACY.RIL.5.7 ELA Reading: Informational Text Use multiple sources to answer efficiently
CCSS.ELA-LITERACY.RIL.5.8 ELA Reading: Informational Text Link reasons and evidence to points
CCSS.ELA-LITERACY.RIL.5.9 ELA Reading: Informational Text Integrate information from several texts
CCSS.ELA-LITERACY.RI.6.1 ELA Reading: Informational Text Cite textual evidence for analysis
CCSS.ELA-LITERACY.RI.6.10 ELA Reading: Informational Text Read complex literary nonfiction
CCSS.ELA-LITERACY.RIL.6.2 ELA Reading: Informational Text Determine central idea; summarize objectively
CCSS.ELA-LITERACY.RI.6.3 ELA Reading: Informational Text Analyze how key ideas/events are developed
CCSS.ELA-LITERACY.RI1.6.4 ELA Reading: Informational Text Determine word meanings, including technical
CCSS.ELA-LITERACY.RIL.6.5 ELA Reading: Informational Text Analyze how text parts build ideas
CCSS.ELA-LITERACY.RIL.6.6 ELA Reading: Informational Text Identify author’s POV or purpose
CCSS.ELA-LITERACY.RIL.6.7 ELA Reading: Informational Text Integrate information across media formats
CCSS.ELA-LITERACY.RI.6.8 ELA Reading: Informational Text Evaluate claims and supporting evidence
CCSS.ELA-LITERACY.RIL.6.9 ELA Reading: Informational Text Compare authors’ presentations of events
CCSS.ELA-LITERACY.RI.7.1 ELA Reading: Informational Text Cite multiple pieces of text evidence
CCSS.ELA-LITERACY.RI.7.10 ELA Reading: Informational Text Read complex literary nonfiction
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CCSS.ELA-LITERACY.RI.7.2 ELA Reading: Informational Text Identify multiple central ideas; summarize
CCSS.ELA-LITERACY.RI.7.3 ELA Reading: Informational Text Analyze interactions among individuals/events/ideas
CCSS.ELA-LITERACY.RIL.7.4 ELA Reading: Informational Text Analyze word meanings and tone
CCSS.ELA-LITERACY.RI.7.5 ELA Reading: Informational Text Analyze author’s organizational structure
CCSS.ELA-LITERACY.RIL.7.6 ELA Reading: Informational Text Analyze author’s POV vs others
CCSS.ELA-LITERACY.RIL.7.7 ELA Reading: Informational Text Compare text to multimedia version
CCSS.ELA-LITERACY.RI.7.8 ELA Reading: Informational Text Assess reasoning and evidence sufficiency
CCSS.ELA-LITERACY.RIL.7.9 ELA Reading: Informational Text Analyze how authors frame information
CCSS.ELA-LITERACY.RIL.8.1 ELA Reading: Informational Text Cite strongest textual evidence
CCSS.ELA-LITERACY.RI.8.10 ELA Reading: Informational Text Read complex literary nonfiction independently
CCSS.ELA-LITERACY.RI.8.2 ELA Reading: Informational Text Analyze central idea development; summarize
CCSS.ELA-LITERACY.RI.8.3 ELA Reading: Informational Text Analyze connections and distinctions in text
CCSS.ELA-LITERACY.RI.8.4 ELA Reading: Informational Text Analyze word meaning and tone; allusions
CCSS.ELA-LITERACY.RI.8.5 ELA Reading: Informational Text Analyze paragraph structure and sentence roles
CCSS.ELA-LITERACY.RI.8.6 ELA Reading: Informational Text Analyze author POV; address conflicting evidence
CCSS.ELA-LITERACY.RI.8.7 ELA Reading: Informational Text Evaluate media choices for presenting ideas
CCSS.ELA-LITERACY.RI.8.8 ELA Reading: Informational Text Evaluate argument, evidence, and relevance
CCSS.ELA-LITERACY.RI.8.9 ELA Reading: Informational Text Identify conflicts across texts
CCSS.ELA-LITERACY.RI.9-10.1 ELA Reading: Informational Text Cite strong textual evidence for analysis
CCSS.ELA-LITERACY.RI.9-10.10 ELA Reading: Informational Text Read complex literary nonfiction (9-10 band)
CCSS.ELA-LITERACY.RI.9-10.2 ELA Reading: Informational Text Analyze central idea refinement; summarize
CCSS.ELA-LITERACY.RI.9-10.3 ELA Reading: Informational Text Analyze how author develops analysis and sequence
CCSS.ELA-LITERACY.RI.9-10.4 ELA Reading: Informational Text Analyze cumulative impact of word choice
CCSS.ELA-LITERACY.RI.9-10.5 ELA Reading: Informational Text Analyze how claims are developed and refined
CCSS.ELA-LITERACY.RI.9-10.6 ELA Reading: Informational Text Analyze rhetoric advancing author purpose
CCSS.ELA-LITERACY.RI.9-10.7 ELA Reading: Informational Text Compare accounts across media for emphasis
CCSS.ELA-LITERACY.RI.9-10.8 ELA Reading: Informational Text Evaluate argument validity and fallacies
CCSS.ELA-LITERACY.RI.9-10.9 ELA Reading: Informational Text Analyze themes in seminal U.S. documents
CCSS.ELA-LITERACY.RL.11-12.1 ELA Reading: Literature Cite evidence; note textual uncertainty
CCSS.ELA-LITERACY.RL.11-12.10 ELA Reading: Literature Read complex literature (11-12 band)
CCSS.ELA-LITERACY.RL.11-12.2 ELA Reading: Literature Analyze multiple themes/ideas and interactions
CCSS.ELA-LITERACY.RL.11-12.3 ELA Reading: Literature Analyze impact of author’s development choices
CCSS.ELA-LITERACY.RL.11-12.4 ELA Reading: Literature Analyze word choice effects on meaning and tone
CCSS.ELA-LITERACY.RL.11-12.5 ELA Reading: Literature Analyze structural choices and aesthetic impact
CCSS.ELA-LITERACY.RL.11-12.6 ELA Reading: Literature Analyze implied meaning (irony/satire)
CCSS.ELA-LITERACY.RL.11-12.7 ELA Reading: Literature Evaluate interpretations across productions
CCSS.ELA-LITERACY.RL.11-12.8 ELA Reading: Literature Not applicable
CCSS.ELA-LITERACY.RL.11-12.9 ELA Reading: Literature Compare themes across foundational American works
CCSS.ELA-LITERACY.RL.3.1 ELA Reading: Literature Ask and answer using text evidence
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CCSS.ELA-LITERACY.RL.3.10 ELA Reading: Literature Read complex literature independently
CCSS.ELA-LITERACY.RL.3.2 ELA Reading: Literature Recount stories; identify message or moral
CCSS.ELA-LITERACY.RL.3.3 ELA Reading: Literature Describe characters and how actions drive plot
CCSS.ELA-LITERACY.RL.3.4 ELA Reading: Literature Interpret words: literal vs figurative
CCSS.ELA-LITERACY.RL.3.5 ELA Reading: Literature Refer to parts and how they build the whole
CCSS.ELA-LITERACY.RL.3.6 ELA Reading: Literature Distinguish own and narrator point of view
CCSS.ELA-LITERACY.RL.3.7 ELA Reading: Literature Explain how illustrations shape meaning or mood
CCSS.ELA-LITERACY.RL.3.8 ELA Reading: Literature Not applicable

CCSS.ELA-LITERACY.RL.3.9 ELA Reading: Literature Compare themes, settings, plots by same author
CCSS.ELA-LITERACY.RL.4.1 ELA Reading: Literature Cite details and examples; draw inferences
CCSS.ELA-LITERACY.RL.4.10 ELA Reading: Literature Read complex literature proficiently
CCSS.ELA-LITERACY.RL.4.2 ELA Reading: Literature Determine theme and summarize
CCSS.ELA-LITERACY.RL.4.3 ELA Reading: Literature Analyze character, setting, or event with details
CCSS.ELA-LITERACY.RL.4.4 ELA Reading: Literature Interpret words, including mythological allusions
CCSS.ELA-LITERACY.RL.4.5 ELA Reading: Literature Compare genres; reference structural elements
CCSS.ELA-LITERACY.RL.4.6 ELA Reading: Literature Compare narrative point of view
CCSS.ELA-LITERACY.RL.4.7 ELA Reading: Literature Connect written text to visual or oral version
CCSS.ELA-LITERACY.RL.4.8 ELA Reading: Literature Not applicable

CCSS.ELA-LITERACY.RL.4.9 ELA Reading: Literature Compare themes and patterns across cultures
CCSS.ELA-LITERACY.RL.5.1 ELA Reading: Literature Quote accurately; infer from text
CCSS.ELA-LITERACY.RL.5.10 ELA Reading: Literature Read complex literature independently
CCSS.ELA-LITERACY.RL.5.2 ELA Reading: Literature Determine theme; summarize with details
CCSS.ELA-LITERACY.RL.5.3 ELA Reading: Literature Compare characters, settings, and events
CCSS.ELA-LITERACY.RL.5.4 ELA Reading: Literature Interpret figurative language
CCSS.ELA-LITERACY.RL.5.5 ELA Reading: Literature Explain how parts create overall structure
CCSS.ELA-LITERACY.RL.5.6 ELA Reading: Literature Explain how narrator POV shapes description
CCSS.ELA-LITERACY.RL.5.7 ELA Reading: Literature Analyze effects of visual/multimedia elements
CCSS.ELA-LITERACY.RL.5.8 ELA Reading: Literature Not applicable

CCSS.ELA-LITERACY.RL.5.9 ELA Reading: Literature Compare stories within the same genre
CCSS.ELA-LITERACY.RL.6.1 ELA Reading: Literature Cite textual evidence for analysis
CCSS.ELA-LITERACY.RL.6.10 ELA Reading: Literature Read complex literature (6-8 band)
CCSS.ELA-LITERACY.RL.6.2 ELA Reading: Literature Determine theme/central idea; summarize objectively
CCSS.ELA-LITERACY.RL.6.3 ELA Reading: Literature Describe plot progression and character change
CCSS.ELA-LITERACY.RL.6.4 ELA Reading: Literature Analyze word choice impact on meaning/tone
CCSS.ELA-LITERACY.RL.6.5 ELA Reading: Literature Analyze how parts develop theme, setting, plot
CCSS.ELA-LITERACY.RL.6.6 ELA Reading: Literature Explain development of narrator POV
CCSS.ELA-LITERACY.RL.6.7 ELA Reading: Literature Compare reading to listening/viewing
CCSS.ELA-LITERACY.RL.6.8 ELA Reading: Literature Not applicable

CCSS.ELA-LITERACY.RL.6.9 ELA Reading: Literature Compare texts across forms or genres
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CCSS.ELA-LITERACY.RL.7.1
CCSS.ELA-LITERACY.RL.7.10
CCSS.ELA-LITERACY.RL.7.2
CCSS.ELA-LITERACY.RL.7.3
CCSS.ELA-LITERACY.RL.7.4
CCSS.ELA-LITERACY.RL.7.5
CCSS.ELA-LITERACY.RL.7.6
CCSS.ELA-LITERACY.RL.7.7
CCSS.ELA-LITERACY.RL.7.8
CCSS.ELA-LITERACY.RL.7.9
CCSS.ELA-LITERACY.RL.8.1
CCSS.ELA-LITERACY.RL.8.10
CCSS.ELA-LITERACY.RL.8.2
CCSS.ELA-LITERACY.RL.8.3
CCSS.ELA-LITERACY.RL.8.4
CCSS.ELA-LITERACY.RL.8.5
CCSS.ELA-LITERACY.RL.8.6
CCSS.ELA-LITERACY.RL.8.7
CCSS.ELA-LITERACY.RL.8.8
CCSS.ELA-LITERACY.RL.8.9
CCSS.ELA-LITERACY.RL.9-10.1
CCSS.ELA-LITERACY.RL.9-10.10
CCSS.ELA-LITERACY.RL.9-10.2
CCSS.ELA-LITERACY.RL.9-10.3
CCSS.ELA-LITERACY.RL.9-10.4
CCSS.ELA-LITERACY.RL.9-10.5
CCSS.ELA-LITERACY.RL.9-10.6
CCSS.ELA-LITERACY.RL.9-10.7
CCSS.ELA-LITERACY.RL.9-10.8
CCSS.ELA-LITERACY.RL.9-10.9
CCSS.MATH.CONTENT.3.G.A.1
CCSS.MATH.CONTENT.3.G.A.2
CCSS.MATH.CONTENT.3.MD.A.1
CCSS.MATH.CONTENT.3.MD.A.2
CCSS.MATH.CONTENT.3.MD.B.3
CCSS.MATH.CONTENT.3.MD.B .4
CCSS.MATH.CONTENT.3.MD.C.5
CCSS.MATH.CONTENT.3.MD.C.5.a
CCSS.MATH.CONTENT.3.MD.C.5.b

ELA
ELA
ELA
ELA
ELA
ELA
ELA
ELA
ELA
ELA
ELA
ELA
ELA
ELA
ELA
ELA
ELA
ELA
ELA
ELA
ELA
ELA
ELA
ELA
ELA
ELA
ELA
ELA
ELA
ELA
Math
Math
Math
Math
Math
Math
Math
Math
Math

Reading: Literature
Reading: Literature
Reading: Literature
Reading: Literature
Reading: Literature
Reading: Literature
Reading: Literature
Reading: Literature
Reading: Literature
Reading: Literature
Reading: Literature
Reading: Literature
Reading: Literature
Reading: Literature
Reading: Literature
Reading: Literature
Reading: Literature
Reading: Literature
Reading: Literature
Reading: Literature
Reading: Literature
Reading: Literature
Reading: Literature
Reading: Literature
Reading: Literature
Reading: Literature
Reading: Literature
Reading: Literature
Reading: Literature
Reading: Literature
Geometry

Geometry
Measurement & Data
Measurement & Data
Measurement & Data
Measurement & Data
Measurement & Data
Measurement & Data
Measurement & Data

Cite multiple pieces of text evidence

Read complex literature (6-8 band)

Analyze theme/central idea development

Analyze interaction of story elements

Analyze sound devices’ effect

Analyze form/structure and meaning

Analyze contrasting points of view

Compare written to multimedia; analyze techniques
Not applicable

Compare fiction and historical accounts

Cite strongest textual evidence

Read complex literature independently

Analyze theme development in narrative; summarize
Analyze dialogue/incidents that advance plot
Analyze word meaning and tone; allusions
Compare text structures and their effects

Analyze POV differences and dramatic irony effects
Evaluate adaptation fidelity and choices

Not applicable

Analyze modern fiction’s use of mythic sources
Cite strong textual evidence for analysis

Read complex literature (9-10 band)

Analyze theme development; summarize objectively
Analyze complex character development

Analyze cumulative word choice and tone

Analyze structure and pacing effects

Analyze cultural perspective in world literature
Compare artistic representations across media

Not applicable

Analyze transformation of source material

Classify quadrilaterals by attributes

Partition shapes; express area as unit fraction

Tell time; solve time-interval problems

Measure mass/volume; solve one-step problems
Make scaled graphs; solve more/less problems
Measure lengths; make a line plot

Recognize area and basic measurement concepts
Use unit squares to measure area

Define area by covering with unit squares

Continued on next page




g9

Table F.1 — continued from previous page

1D

Content Type

Category

Description

CCSS.MATH.CONTENT.3.MD.C.6
CCSS.MATH.CONTENT.3.MD.C.7
CCSS.MATH.CONTENT.3.MD.C.7.a
CCSS.MATH.CONTENT.3.MD.C.7.b
CCSS.MATH.CONTENT.3.MD.C.7.c
CCSS.MATH.CONTENT.3.MD.C.7.d
CCSS.MATH.CONTENT.3.MD.D.8
CCSS.MATH.CONTENT.3.NBT.A.1
CCSS.MATH.CONTENT.3.NBT.A.2
CCSS.MATH.CONTENT.3.NBT.A.3
CCSS.MATH.CONTENT.3.NF.A.1
CCSS.MATH.CONTENT.3.NF.A .2
CCSS.MATH.CONTENT.3.NF.A.2.a
CCSS.MATH.CONTENT.3.NF.A.2.b
CCSS.MATH.CONTENT.3.NF.A.3
CCSS.MATH.CONTENT.3.NF.A.3.a
CCSS.MATH.CONTENT.3.NF.A.3.b
CCSS.MATH.CONTENT.3.NF.A.3.c
CCSS.MATH.CONTENT.3.NF.A.3.d
CCSS.MATH.CONTENT.3.0A.A.1
CCSS.MATH.CONTENT.3.0A.A.2
CCSS.MATH.CONTENT.3.0A.A.3
CCSS.MATH.CONTENT.3.0A.A 4
CCSS.MATH.CONTENT.3.0A.B.5
CCSS.MATH.CONTENT.3.0A.B.6
CCSS.MATH.CONTENT.3.0A.C.7
CCSS.MATH.CONTENT.3.0A.D.8
CCSS.MATH.CONTENT.3.0A.D.9
CCSS.MATH.CONTENT.4.G.A.1
CCSS.MATH.CONTENT .4.G.A.2
CCSS.MATH.CONTENT.4.G.A.3
CCSS.MATH.CONTENT.4.MD.A.1
CCSS.MATH.CONTENT.4.MD.A.2
CCSS.MATH.CONTENT.4.MD.A.3
CCSS.MATH.CONTENT.4.MD.B.4
CCSS.MATH.CONTENT.4.MD.C.5
CCSS.MATH.CONTENT.4.MD.C.5.a
CCSS.MATH.CONTENT.4.MD.C.5.b
CCSS.MATH.CONTENT.4.MD.C.6

Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math

Measurement & Data
Measurement & Data
Measurement & Data
Measurement & Data
Measurement & Data
Measurement & Data
Measurement & Data

Number & Operations in Base Ten
Number & Operations in Base Ten
Number & Operations in Base Ten
Numbers & Operations - Fractions
Numbers & Operations - Fractions
Numbers & Operations - Fractions
Numbers & Operations - Fractions
Numbers & Operations - Fractions
Numbers & Operations - Fractions
Numbers & Operations - Fractions
Numbers & Operations - Fractions
Numbers & Operations - Fractions
Operations & Algebraic Thinking
Operations & Algebraic Thinking
Operations & Algebraic Thinking
Operations & Algebraic Thinking
Operations & Algebraic Thinking
Operations & Algebraic Thinking
Operations & Algebraic Thinking
Operations & Algebraic Thinking
Operations & Algebraic Thinking
Geometry

Geometry

Geometry

Measurement & Data
Measurement & Data
Measurement & Data
Measurement & Data
Measurement & Data
Measurement & Data
Measurement & Data
Measurement & Data

Measure area by counting unit squares

Relate area to multiplication and addition
Find rectangle area by tiling/multiplying
Multiply side lengths to find rectangle area
Use area models for distributive property
Decompose figures; add areas

Solve perimeter problems for polygons

Round whole numbers to nearest 10/100

Add and subtract within 1000 fluently
Multiply 1-digit by multiples of 10

Define fractions as parts of a whole

Represent fractions on a number line

Locate 1/b on a number line

Locate a/b on a number line

Explain and compare equivalent fractions
Understand equivalence as same size/point
Generate and justify equivalent fractions
Express whole numbers as fractions

Compare fractions with same numerator/denominator
Interpret multiplication as equal groups
Interpret division as sharing/grouping

Solve word problems using mult/div within 100
Find unknown in mult/div equations

Use properties to multiply and divide

Treat division as unknown-factor

Fluently multiply and divide within 100

Solve two-step word problems; assess reasonableness
Identify arithmetic patterns using properties
Draw and identify basic geometric objects
Classify figures by lines and angles

Identify and draw lines of symmetry

Convert units within a measurement system
Solve measurement word problems using 4 ops
Apply rectangle area/perimeter formulas

Use line plots to add/subtract fractions
Recognize angles and angle measurement
Define degree measure using a circle

Relate angle measure to degrees

Measure and draw angles with a protractor
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CCSS.MATH.CONTENT.4.MD.C.7
CCSS.MATH.CONTENT.4.NBT.A.1
CCSS.MATH.CONTENT.4.NBT.A.2
CCSS.MATH.CONTENT.4.NBT.A.3
CCSS.MATH.CONTENT.4.NBT.B.4
CCSS.MATH.CONTENT.4.NBT.B.5
CCSS.MATH.CONTENT.4.NBT.B.6
CCSS.MATH.CONTENT.4.NF.A.1
CCSS.MATH.CONTENT.4.NF.A .2
CCSS.MATH.CONTENT.4.NF.B.3
CCSS.MATH.CONTENT.4.NF.B.3.a
CCSS.MATH.CONTENT.4.NF.B.3.b
CCSS.MATH.CONTENT.4.NF.B.3.c
CCSS.MATH.CONTENT.4.NF.B.3.d
CCSS.MATH.CONTENT.4.NF.B.4
CCSS.MATH.CONTENT.4.NF.B.4.a
CCSS.MATH.CONTENT.4.NF.B.4.b
CCSS.MATH.CONTENT .4.NF.B.4.c
CCSS.MATH.CONTENT.4.NF.C.5
CCSS.MATH.CONTENT.4.NF.C.6
CCSS.MATH.CONTENT.4.NF.C.7
CCSS.MATH.CONTENT.4.0A.A.1
CCSS.MATH.CONTENT.4.0A.A .2
CCSS.MATH.CONTENT.4.0A.A.3
CCSS.MATH.CONTENT.4.0A.B.4
CCSS.MATH.CONTENT.4.0A.C.5
CCSS.MATH.CONTENT.5.G.A.1
CCSS.MATH.CONTENT.5.G.A.2
CCSS.MATH.CONTENT.5.G.B.3
CCSS.MATH.CONTENT.5.G.B.4
CCSS.MATH.CONTENT.5.MD.A.1
CCSS.MATH.CONTENT.5.MD.B.2
CCSS.MATH.CONTENT.5.MD.C.3
CCSS.MATH.CONTENT.5.MD.C.3.a
CCSS.MATH.CONTENT.5.MD.C.3.b
CCSS.MATH.CONTENT.5.MD.C.4
CCSS.MATH.CONTENT.5.MD.C.5
CCSS.MATH.CONTENT.5.MD.C.5.a
CCSS.MATH.CONTENT.5.MD.C.5.b

Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math

Measurement & Data

Number & Operations in Base Ten
Number & Operations in Base Ten
Number & Operations in Base Ten
Number & Operations in Base Ten
Number & Operations in Base Ten
Number & Operations in Base Ten
Numbers & Operations - Fractions
Numbers & Operations - Fractions
Numbers & Operations - Fractions
Numbers & Operations - Fractions
Numbers & Operations - Fractions
Numbers & Operations - Fractions
Numbers & Operations - Fractions
Numbers & Operations - Fractions
Numbers & Operations - Fractions
Numbers & Operations - Fractions
Numbers & Operations - Fractions
Numbers & Operations - Fractions
Numbers & Operations - Fractions
Numbers & Operations - Fractions
Operations & Algebraic Thinking
Operations & Algebraic Thinking
Operations & Algebraic Thinking
Operations & Algebraic Thinking
Operations & Algebraic Thinking
Geometry

Geometry

Geometry

Geometry

Measurement & Data
Measurement & Data
Measurement & Data
Measurement & Data
Measurement & Data
Measurement & Data
Measurement & Data
Measurement & Data
Measurement & Data

Use additive angle measures to find unknowns
Recognize place value as powers of ten

Read, write, and compare multi-digit numbers
Round multi-digit numbers to any place
Add/subtract multi-digit numbers fluently

Multiply multi-digit numbers using strategies
Divide multi-digit numbers; quotients and remainders
Explain equivalent fractions using models

Compare fractions using benchmarks/common units
Express improper fractions as sums of unit fractions
Add/subtract fractions as joining/separating
Decompose fractions with same denominator
Add/subtract mixed numbers (like denominators)
Solve fraction add/sub word problems (like denom)
Multiply a fraction by a whole number

Interpret a/b as a multiple of 1/b

Use multiples to multiply fractions by whole numbers
Solve fraction-by-whole word problems

Convert tenths to hundredths; add

Write decimals for tenths and hundredths

Compare decimals to hundredths

Interpret multiplication as a comparison

Solve multiplicative comparison word problems
Solve multistep word problems (interpret remainders)
Find factors; identify prime or composite

Generate patterns from a rule

Define a coordinate system with axes

Graph points in the first quadrant

Recognize attributes in shape hierarchies

Classify 2D figures in a hierarchy

Convert measurement units; solve problems

Use line plots to solve fraction problems

Recognize volume and measurement concepts

Use unit cubes to measure volume

Define volume by packing unit cubes

Measure volume by counting unit cubes

Relate volume to mult/add; solve problems

Find volume of a rectangular prism

Apply volume formulas for rectangular prisms

Continued on next page
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1D

Content Type

Category

Description

CCSS.MATH.CONTENT.5.MD.C.5.c
CCSS.MATH.CONTENT.5.NBT.A.1
CCSS.MATH.CONTENT.5.NBT.A.2
CCSS.MATH.CONTENT.5.NBT.A.3
CCSS.MATH.CONTENT.5.NBT.A.3.a
CCSS.MATH.CONTENT.5.NBT.A.3.b
CCSS.MATH.CONTENT.5.NBT.A 4
CCSS.MATH.CONTENT.5.NBT.B.5
CCSS.MATH.CONTENT.5.NBT.B.6
CCSS.MATH.CONTENT.5.NBT.B.7
CCSS.MATH.CONTENT.5.NF.A.1
CCSS.MATH.CONTENT.5.NF.A .2
CCSS.MATH.CONTENT.5.NF.B.3
CCSS.MATH.CONTENT.5.NF.B.4
CCSS.MATH.CONTENT.5.NF.B.4.a
CCSS.MATH.CONTENT.5.NF.B.4.b
CCSS.MATH.CONTENT.5.NF.B.5
CCSS.MATH.CONTENT.5.NF.B.5.a
CCSS.MATH.CONTENT.5.NF.B.5.b
CCSS.MATH.CONTENT.5.NF.B.6
CCSS.MATH.CONTENT.5.NF.B.7
CCSS.MATH.CONTENT.5.NF.B.7.a
CCSS.MATH.CONTENT.5.NF.B.7.b
CCSS.MATH.CONTENT.5.NF.B.7.c
CCSS.MATH.CONTENT.5.0A.A.1
CCSS.MATH.CONTENT.5.0A.A .2
CCSS.MATH.CONTENT.5.0A.B.3
CCSS.MATH.CONTENT.6.EE.A.1

CCSS.MATH.CONTENT.6.EE.A.2
CCSS.MATH.CONTENT.6.EE.A.2.a
CCSS.MATH.CONTENT.6.EE.A.2.b
CCSS.MATH.CONTENT.6.EE.A.2.c
CCSS.MATH.CONTENT.6.EE.A.3
CCSS.MATH.CONTENT.6.EE.A 4
CCSS.MATH.CONTENT.6.EE.B.5
CCSS.MATH.CONTENT.6.EE.B.6
CCSS.MATH.CONTENT.6.EE.B.7
CCSS.MATH.CONTENT.6.EE.B.8

Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math

Math
Math
Math
Math
Math
Math
Math
Math
Math
Math

Measurement & Data

Number & Operations in Base Ten
Number & Operations in Base Ten
Number & Operations in Base Ten
Number & Operations in Base Ten
Number & Operations in Base Ten
Number & Operations in Base Ten
Number & Operations in Base Ten
Number & Operations in Base Ten
Number & Operations in Base Ten
Numbers & Operations - Fractions
Numbers & Operations - Fractions
Numbers & Operations - Fractions
Numbers & Operations - Fractions
Numbers & Operations - Fractions
Numbers & Operations - Fractions
Numbers & Operations - Fractions
Numbers & Operations - Fractions
Numbers & Operations - Fractions
Numbers & Operations - Fractions
Numbers & Operations - Fractions
Numbers & Operations - Fractions
Numbers & Operations - Fractions
Numbers & Operations - Fractions
Operations & Algebraic Thinking
Operations & Algebraic Thinking
Operations & Algebraic Thinking
Expressions & Equations

Expressions & Equations
Expressions & Equations
Expressions & Equations
Expressions & Equations
Expressions & Equations
Expressions & Equations
Expressions & Equations
Expressions & Equations
Expressions & Equations
Expressions & Equations

Add volumes of composite prisms

Use place value (10x and 1/10)

Explain patterns with powers of 10

Read, write, and compare thousandths

Write thousandths in expanded form

Compare decimals to thousandths

Round decimals to any place

Multiply multi-digit whole numbers fluently

Divide by two-digit divisors
Add/subtract/multiply/divide decimals to hundredths
Add/subtract fractions with unlike denominators
Solve fraction add/sub word problems (unlike denom)
Interpret fractions as division; solve problems
Multiply fractions and whole numbers by fractions
Interpret fraction products (a/b) x q

Find rectangle area with fractional side lengths
Interpret multiplication as scaling

Compare product size to factors

Explain scaling effects of fractions

Solve real-world fraction/mixed multiplication

Divide unit fractions and whole numbers

Compute unit fraction divided by whole number
Compute whole number divided by unit fraction
Solve real-world unit fraction division problems
Evaluate expressions with grouping symbols

Write and interpret numerical expressions

Generate two patterns and graph ordered pairs
Write/evaluate expressions with whole-number expo-
nents

Write/read/evaluate expressions with variables
Write expressions with variables for operations
Identify parts of an expression (terms, factors)
Evaluate expressions using values and formulas
Generate equivalent expressions

Identify equivalent expressions

Test solutions by substitution

Use variables to represent numbers

Solve one-step equations

Write and graph inequalities
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1D Content Type Category Description
CCSS.MATH.CONTENT.6.EE.C.9 Math Expressions & Equations Model relationships with equations
CCSS.MATH.CONTENT.6.G.A.1 Math Geometry Find area by composing/decomposing
CCSS.MATH.CONTENT.6.G.A.2 Math Geometry Find prism volume with fractional edges
CCSS.MATH.CONTENT.6.G.A.3 Math Geometry Use coordinates to find side lengths
CCSS.MATH.CONTENT.6.G.A .4 Math Geometry Use nets to find surface area
CCSS.MATH.CONTENT.6.NS.A.1 Math The Number System Divide fractions and solve problems
CCSS.MATH.CONTENT.6.NS.B.2 Math The Number System Divide multi-digit numbers (standard)
CCSS.MATH.CONTENT.6.NS.B.3 Math The Number System Operate on multi-digit decimals
CCSS.MATH.CONTENT.6.NS.B.4 Math The Number System Find GCF and LCM
CCSS.MATH.CONTENT.6.NS.C.5 Math The Number System Use positive/negative numbers in context
CCSS.MATH.CONTENT.6.NS.C.6 Math The Number System Plot rational numbers on number lines
CCSS.MATH.CONTENT.6.NS.C.6.a Math The Number System Interpret opposites on number line
CCSS.MATH.CONTENT.6.NS.C.6.b Math The Number System Interpret signs in ordered pairs
CCSS.MATH.CONTENT.6.NS.C.6.c Math The Number System Locate integers and rationals on plane
CCSS.MATH.CONTENT.6.NS.C.7 Math The Number System Order rational numbers; use absolute value
CCSS.MATH.CONTENT.6.NS.C.7.a Math The Number System Interpret inequalities on number line
CCSS.MATH.CONTENT.6.NS.C.7.b Math The Number System Write order comparisons in context
CCSS.MATH.CONTENT.6.NS.C.7.c Math The Number System Interpret absolute value as distance
CCSS.MATH.CONTENT.6.NS.C.7.d Math The Number System Distinguish absolute value vs order
CCSS.MATH.CONTENT.6.NS.C.8 Math The Number System Graph points; find distances using abs
CCSS.MATH.CONTENT.6.RP.A.1 Math Ratios & Proportional Relationships Describe ratio relationships
CCSS.MATH.CONTENT.6.RP.A.2 Math Ratios & Proportional Relationships Compute and interpret unit rates
CCSS.MATH.CONTENT.6.RP.A.3 Math Ratios & Proportional Relationships Solve problems with ratios and rates
CCSS.MATH.CONTENT.6.RP.A.3.a Math Ratios & Proportional Relationships Make ratio tables and plot pairs
CCSS.MATH.CONTENT.6.RP.A.3.b Math Ratios & Proportional Relationships Solve unit rate problems
CCSS.MATH.CONTENT.6.RP.A.3.c Math Ratios & Proportional Relationships Solve percent problems
CCSS.MATH.CONTENT.6.RP.A.3.d Math Ratios & Proportional Relationships Convert units using ratios
CCSS.MATH.CONTENT.6.SP.A.1 Math Statistics & Probability Identify statistical questions
CCSS.MATH.CONTENT.6.SP.A.2 Math Statistics & Probability Describe distributions (center/spread/shape)
CCSS.MATH.CONTENT.6.SP.A.3 Math Statistics & Probability Use measures of center and variability
CCSS.MATH.CONTENT.6.SP.B.4 Math Statistics & Probability Plot data (dot/hist/box)
CCSS.MATH.CONTENT.6.SP.B.5 Math Statistics & Probability Summarize numerical data in context
CCSS.MATH.CONTENT.6.SP.B.5.a Math Statistics & Probability Report number of observations
CCSS.MATH.CONTENT.6.SP.B.5.b Math Statistics & Probability Describe variable and units measured
CCSS.MATH.CONTENT.6.SP.B.5.c Math Statistics & Probability Report center /variability; note outliers
CCSS.MATH.CONTENT.6.SP.B.5.d Math Statistics & Probability Choose measures based on distribution
CCSS.MATH.CONTENT.7.EE.A.1 Math Expressions & Equations Manipulate linear expressions
CCSS.MATH.CONTENT.7.EE.A.2 Math Expressions & Equations Rewrite expressions to reveal relationships
CCSS.MATH.CONTENT.7.EE.B.3 Math Expressions & Equations Solve multi-step problems with rational numbers
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1D

Content Type

Category

Description

CCSS.MATH.CONTENT.7.EE.B.4
CCSS.MATH.CONTENT.7.EE.B.4.a
CCSS.MATH.CONTENT.7.EE.B.4.b
CCSS.MATH.CONTENT.7.G.A.1
CCSS.MATH.CONTENT.7.G.A.2
CCSS.MATH.CONTENT.7.G.A.3
CCSS.MATH.CONTENT.7.G.B.4
CCSS.MATH.CONTENT.7.G.B.5
CCSS.MATH.CONTENT.7.G.B.6
CCSS.MATH.CONTENT.7.NS.A.1
CCSS.MATH.CONTENT.7.NS.A.1.a
CCSS.MATH.CONTENT.7.NS.A.1.b
CCSS.MATH.CONTENT.7.NS.A.1.c
CCSS.MATH.CONTENT.7.NS.A.1.d
CCSS.MATH.CONTENT.7.NS.A.2
CCSS.MATH.CONTENT.7.NS.A.2.a
CCSS.MATH.CONTENT.7.NS.A.2.b
CCSS.MATH.CONTENT.7.NS.A.2.c
CCSS.MATH.CONTENT.7.NS.A.2.d
CCSS.MATH.CONTENT.7.NS.A.3
CCSS.MATH.CONTENT.7.RP.A.1
CCSS.MATH.CONTENT.7.RP.A.2
CCSS.MATH.CONTENT.7.RP.A.2.a
CCSS.MATH.CONTENT.7.RP.A.2.b
CCSS.MATH.CONTENT.7.RP.A.2.c
CCSS.MATH.CONTENT.7.RP.A.2.d
CCSS.MATH.CONTENT.7.RP.A.3
CCSS.MATH.CONTENT.7.SP.A.1
CCSS.MATH.CONTENT.7.SP.A.2
CCSS.MATH.CONTENT.7.SP.B.3
CCSS.MATH.CONTENT.7.SP.B.4
CCSS.MATH.CONTENT.7.SP.C.5
CCSS.MATH.CONTENT.7.SP.C.6
CCSS.MATH.CONTENT.7.SP.C.7
CCSS.MATH.CONTENT.7.SP.C.7.a
CCSS.MATH.CONTENT.7.SP.C.7.b
CCSS.MATH.CONTENT.7.SP.C.8
CCSS.MATH.CONTENT.7.SP.C.8.a
CCSS.MATH.CONTENT.7.SP.C.8.b

Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math

Expressions & Equations
Expressions & Equations
Expressions & Equations

Geometry

Geometry

Geometry

Geometry

Geometry

Geometry

The Number System

The Number System

The Number System

The Number System

The Number System

The Number System

The Number System

The Number System

The Number System

The Number System

The Number System

Ratios & Proportional Relationships
Ratios & Proportional Relationships
Ratios & Proportional Relationships
Ratios & Proportional Relationships
Ratios & Proportional Relationships
Ratios & Proportional Relationships
Ratios & Proportional Relationships
Statistics & Probability

Statistics & Probability

Statistics & Probability

Statistics & Probability

Statistics & Probability

Statistics & Probability

Statistics & Probability

Statistics & Probability

Statistics & Probability

Statistics & Probability

Statistics & Probability

Statistics & Probability

Model with variables and inequalities

Solve two-step equations

Solve and graph inequalities

Solve problems with scale drawings

Construct geometric shapes from conditions
Describe cross-sections of solids

Use circle area and circumference formulas

Use angle relationships to solve equations
Solve area/volume/surface area problems

Add and subtract rational numbers

Describe opposites that sum to zero

Interpret addition as movement on number line
Interpret subtraction and distance on number line
Use properties to add/subtract rationals
Multiply and divide rational numbers

Extend multiplication to rational numbers
Extend division to rational numbers

Use properties to multiply/divide rationals
Convert rationals to decimals (long division)
Solve problems with rational numbers
Compute unit rates for fractional ratios
Recognize proportional relationships

Test whether quantities are proportional
Identify constant of proportionality

Write equations for proportional relationships
Interpret points on proportional graphs

Solve multistep ratio and percent problems
Use random samples to infer about populations
Use samples to estimate and gauge variation
Compare distributions using center and spread
Compare populations using samples (center/spread)
Interpret probability as likelihood (0 to 1)
Estimate probability from relative frequency
Use probability models; compare to data

Build a uniform probability model

Build probability models from data

Find probabilities of compound events

Define probability of compound events
Represent sample spaces for compound events
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0L

Table F.1 — continued from previous page

1D

Content Type
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CCSS.MATH.CONTENT.7.SP.C.8.c
CCSS.MATH.CONTENT.8.EE.A.1
CCSS.MATH.CONTENT.8.EE.A.2
CCSS.MATH.CONTENT.8.EE.A.3
CCSS.MATH.CONTENT.8.EE.A 4
CCSS.MATH.CONTENT.8.EE.B.5
CCSS.MATH.CONTENT.8.EE.B.6
CCSS.MATH.CONTENT.8.EE.C.7
CCSS.MATH.CONTENT.8.EE.C.7.a
CCSS.MATH.CONTENT.8.EE.C.7.b
CCSS.MATH.CONTENT.8.EE.C.8
CCSS.MATH.CONTENT.8.EE.C.8.a
CCSS.MATH.CONTENT.8.EE.C.8.b
CCSS.MATH.CONTENT.8.EE.C.8.c
CCSS.MATH.CONTENT.8.F.A.1
CCSS.MATH.CONTENT.8.F.A.2
CCSS.MATH.CONTENT.8.F.A.3
CCSS.MATH.CONTENT.8.F.B.4
CCSS.MATH.CONTENT.8.F.B.5
CCSS.MATH.CONTENT.8.G.A.1
CCSS.MATH.CONTENT.8.G.A.1.a
CCSS.MATH.CONTENT.8.G.A.1.b
CCSS.MATH.CONTENT.8.G.A.1.c
CCSS.MATH.CONTENT.8.G.A.2
CCSS.MATH.CONTENT.8.G.A.3
CCSS.MATH.CONTENT.8.G.A .4
CCSS.MATH.CONTENT.8.G.A.5
CCSS.MATH.CONTENT.8.G.B.6
CCSS.MATH.CONTENT.8.G.B.7
CCSS.MATH.CONTENT.8.G.B.8
CCSS.MATH.CONTENT.8.G.C.9
CCSS.MATH.CONTENT.8.NS.A.1
CCSS.MATH.CONTENT.8.NS.A.2
CCSS.MATH.CONTENT.8.SP.A.1
CCSS.MATH.CONTENT.8.SP.A.2
CCSS.MATH.CONTENT.8.SP.A.3
CCSS.MATH.CONTENT.8.SP.A 4
CCSS.MATH.CONTENT.HSA.APR.A.1
CCSS.MATH.CONTENT.HSA.APR.B.2

Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math

Statistics & Probability
Expressions & Equations
Expressions & Equations
Expressions & Equations
Expressions & Equations
Expressions & Equations
Expressions & Equations
Expressions & Equations
Expressions & Equations
Expressions & Equations
Expressions & Equations
Expressions & Equations
Expressions & Equations
Expressions & Equations
Functions

Functions

Functions

Functions

Functions

Geometry

Geometry

Geometry

Geometry

Geometry

Geometry

Geometry

Geometry

Geometry

Geometry

Geometry

Geometry

The Number System
The Number System
Statistics & Probability
Statistics & Probability
Statistics & Probability
Statistics & Probability
Arithmetic with Polynomials & Rational Expressions
Arithmetic with Polynomials & Rational Expressions

Use simulation for compound probabilities
Apply integer exponent rules

Use square/cube roots; recognize irrationals

Use scientific notation to estimate size

Operate with scientific notation

Graph proportional relationships; interpret slope
Use similar triangles to derive slope and y=mx+b
Solve linear equations (one variable)

Classify solutions to linear equations

Solve linear equations with rational coefficients
Solve systems of linear equations

Interpret system solutions as intersections

Solve systems algebraically and graphically
Model problems with linear systems

Define functions and their graphs

Compare functions across representations
Identify linear vs non-linear functions

Build linear functions from situations

Describe and sketch function behavior

Verify rigid motion properties

Verify lines/segments map with same length
Verify angles preserve measure

Verify parallel lines stay parallel

Describe congruence via rigid motions

Describe transformations using coordinates
Describe similarity via transformations

Use informal proofs about angles and similarity
Explain Pythagorean Theorem and converse
Use Pythagorean Theorem for side lengths

Use Pythagorean Theorem for distance

Use volume formulas for cones/cylinders/spheres
Identify irrationals; convert repeating decimals
Approximate irrationals and locate on number line
Create scatter plots; describe association

Fit and assess linear models from scatter plots
Use linear models; interpret slope/intercept
Analyze association in two-way tables

Add, subtract, and multiply polynomials

Apply the Remainder Theorem
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CCSS.MATH.CONTENT.HSA.APR.B.3
CCSS.MATH.CONTENT.HSA.APR.C.4
CCSS.MATH.CONTENT.HSA.APR.C.5
CCSS.MATH.CONTENT.HSA.APR.D.6
CCSS.MATH.CONTENT.HSA.APR.D.7
CCSS.MATH.CONTENT.HSA.CED.A.1
CCSS.MATH.CONTENT.HSA.CED.A.2
CCSS.MATH.CONTENT.HSA.CED.A.3
CCSS.MATH.CONTENT.HSA.CED.A 4
CCSS.MATH.CONTENT.HSA.REIL.A.1
CCSS.MATH.CONTENT.HSA.REL.A.2
CCSS.MATH.CONTENT.HSA.REIL.B.3
CCSS.MATH.CONTENT.HSA.REI.B.4
CCSS.MATH.CONTENT.HSA.REL.B.4.a
CCSS.MATH.CONTENT.HSA.REL.B.4.b
CCSS.MATH.CONTENT.HSA.REI.C.5
CCSS.MATH.CONTENT.HSA.REI.C.6
CCSS.MATH.CONTENT.HSA.REL.C.7
CCSS.MATH.CONTENT.HSA.REI.C.8
CCSS.MATH.CONTENT.HSA.REIL.C.9
CCSS.MATH.CONTENT.HSA.REL.D.10
CCSS.MATH.CONTENT.HSA.REIL.D.11
CCSS.MATH.CONTENT.HSA.REL.D.12
CCSS.MATH.CONTENT.HSA.SSE.A.1
CCSS.MATH.CONTENT.HSA.SSE.A.1.a
CCSS.MATH.CONTENT.HSA.SSE.A.1.b
CCSS.MATH.CONTENT.HSA.SSE.A .2
CCSS.MATH.CONTENT.HSA.SSE.B.3
CCSS.MATH.CONTENT.HSA.SSE.B.3.a
CCSS.MATH.CONTENT.HSA.SSE.B.3.b
CCSS.MATH.CONTENT.HSA.SSE.B.3.c
CCSS.MATH.CONTENT.HSA.SSE.B.4
CCSS.MATH.CONTENT.HSF.BF.A.1
CCSS.MATH.CONTENT.HSF.BF.A.1.a
CCSS.MATH.CONTENT.HSF.BF.A.1.b
CCSS.MATH.CONTENT.HSF.BF.A.1.c
CCSS.MATH.CONTENT.HSF.BF.A.2
CCSS.MATH.CONTENT.HSF.BF.B.3
CCSS.MATH.CONTENT.HSF.BF.B .4

Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math

Arithmetic with Polynomials & Rational Expressions
Arithmetic with Polynomials & Rational Expressions
Arithmetic with Polynomials & Rational Expressions
Arithmetic with Polynomials & Rational Expressions
Arithmetic with Polynomials & Rational Expressions
Creating Equations

Creating Equations

Creating Equations

Creating Equations

Reasoning with Equations & Inequalities

Reasoning with Equations & Inequalities

Reasoning with Equations & Inequalities

Reasoning with Equations & Inequalities

Reasoning with Equations & Inequalities

Reasoning with Equations & Inequalities

Reasoning with Equations & Inequalities

Reasoning with Equations & Inequalities

Reasoning with Equations & Inequalities

Reasoning with Equations & Inequalities

Reasoning with Equations & Inequalities

Reasoning with Equations & Inequalities

Reasoning with Equations & Inequalities

Reasoning with Equations & Inequalities

Seeing Structure in Expressions

Seeing Structure in Expressions

Seeing Structure in Expressions

Seeing Structure in Expressions

Seeing Structure in Expressions

Seeing Structure in Expressions

Seeing Structure in Expressions

Seeing Structure in Expressions

Seeing Structure in Expressions

Building Functions

Building Functions

Building Functions

Building Functions

Building Functions

Building Functions

Building Functions

Use zeros to sketch polynomial graphs

Prove and use polynomial identities

Apply the Binomial Theorem

Rewrite rational expressions via division
Operate on rational expressions

Create and solve one-variable equations/inequalities
Create and graph equations in two variables
Model constraints with equations/inequalities
Rearrange formulas to solve for a variable
Justify steps when solving equations

Solve rational and radical equations; check extraneous
Solve linear equations and inequalities (1 variable)
Solve quadratic equations (1 variable)
Complete the square; derive quadratic formula
Solve quadratics using multiple methods
Prove row operation preserves solutions

Solve systems of two linear equations

Solve linear-quadratic systems

Represent linear systems with matrices

Use matrix inverses to solve systems

Interpret graphs as solution sets

Find intersections by solving f(x)=g(x)

Graph linear inequalities in two variables
Interpret expressions in context

Identify terms, factors, and coefficients

View parts of expressions as single entities
Rewrite expressions using structure

Choose equivalent forms to reveal properties
Factor quadratics to find zeros

Complete the square to find extrema

Use exponent rules to transform exponentials
Use finite geometric series formula

Write functions from relationships

Write explicit or recursive rules from context
Combine functions to build new models
Compose functions

Write sequences recursively and explicitly
Analyze graph transformations of functions
Find inverse functions
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CCSS.MATH.CONTENT.HSF.BF.B.4.a
CCSS.MATH.CONTENT.HSF.BF.B.4.b
CCSS.MATH.CONTENT.HSF.BF.B.4.c
CCSS.MATH.CONTENT.HSF.BF.B.4.d
CCSS.MATH.CONTENT.HSF.BF.B.5
CCSS.MATH.CONTENT.HSF.IF.A.1
CCSS.MATH.CONTENT.HSF.IF.A.2
CCSS.MATH.CONTENT.HSF.IF.A.3
CCSS.MATH.CONTENT.HSF.IF.B.4
CCSS.MATH.CONTENT.HSF.IF.B.5
CCSS.MATH.CONTENT.HSF.IF.B.6
CCSS.MATH.CONTENT.HSF.IF.C.7
CCSS.MATH.CONTENT.HSF.IF.C.7.a
CCSS.MATH.CONTENT.HSF.IF.C.7.b
CCSS.MATH.CONTENT.HSF.IF.C.7.c
CCSS.MATH.CONTENT.HSF.IF.C.7.d
CCSS.MATH.CONTENT.HSF.IF.C.7.e
CCSS.MATH.CONTENT.HSF.IF.C.8
CCSS.MATH.CONTENT.HSF.IF.C.8.a
CCSS.MATH.CONTENT.HSF.IF.C.8.b
CCSS.MATH.CONTENT.HSF.IF.C.9
CCSS.MATH.CONTENT.HSF.LE.A.1
CCSS.MATH.CONTENT.HSF.LE.A.1.a
CCSS.MATH.CONTENT.HSF.LE.A.1.b
CCSS.MATH.CONTENT.HSF.LE.A.1.c
CCSS.MATH.CONTENT.HSF.LE.A.2
CCSS.MATH.CONTENT.HSF.LE.A.3
CCSS.MATH.CONTENT.HSF.LE.A 4
CCSS.MATH.CONTENT.HSF.LE.B.5
CCSS.MATH.CONTENT.HSF.TF.A.1
CCSS.MATH.CONTENT.HSF.TF.A.2
CCSS.MATH.CONTENT.HSF.TF.A.3
CCSS.MATH.CONTENT.HSF.TF.A 4
CCSS.MATH.CONTENT.HSF.TF.B.5
CCSS.MATH.CONTENT.HSF.TF.B.6
CCSS.MATH.CONTENT.HSF.TF.B.7
CCSS.MATH.CONTENT.HSF.TF.C.8
CCSS.MATH.CONTENT.HSF.TF.C.9
CCSS.MATH.CONTENT.HSG.C.A.1

Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math

Building Functions

Building Functions

Building Functions

Building Functions

Building Functions

Interpreting Functions

Interpreting Functions

Interpreting Functions

Interpreting Functions

Interpreting Functions

Interpreting Functions

Interpreting Functions

Interpreting Functions

Interpreting Functions

Interpreting Functions

Interpreting Functions

Interpreting Functions

Interpreting Functions

Interpreting Functions

Interpreting Functions

Interpreting Functions

Linear, Quadratic, & Exponential Models
Linear, Quadratic, & Exponential Models
Linear, Quadratic, & Exponential Models
Linear, Quadratic, & Exponential Models
Linear, Quadratic, & Exponential Models
Linear, Quadratic, & Exponential Models
Linear, Quadratic, & Exponential Models
Linear, Quadratic, & Exponential Models
Trigonometric Functions

Trigonometric Functions

Trigonometric Functions

Trigonometric Functions

Trigonometric Functions

Trigonometric Functions

Trigonometric Functions

Trigonometric Functions

Trigonometric Functions

Circles

Solve using inverses; write inverse expressions
Verify inverses by composition

Read inverse values from graphs/tables

Restrict domain to make a function invertible
Use log-exponent inverse relationship
Understand functions, domain, and range

Use function notation and evaluate

Recognize sequences as functions

Interpret and sketch graphs from contexts
Choose appropriate domains from context
Compute average rate of change

Graph functions from symbolic forms

Graph linear and quadratic functions

Graph root and piecewise functions

Graph polynomials; zeros and end behavior
Graph rational functions; zeros and asymptotes
Graph exponential/log and trig functions
Rewrite functions to reveal properties

Use factoring/completing square on quadratics
Interpret exponential expressions (growth/decay)
Compare function properties across representations
Distinguish linear vs exponential models

Prove linear vs exponential growth patterns
Identify constant rate situations

Identify constant percent-rate situations
Construct linear/exponential functions from data
Observe exponential outgrows polynomial growth
Solve exponential equations using logarithms
Interpret parameters in linear/exponential models
Interpret radians as arc length

Use unit circle to extend trig to real angles

Use special triangles/unit circle for trig values
Explain trig symmetry and periodicity

Model periodic phenomena with trig functions
Restrict trig domains to define inverses

Solve trig equations with inverse functions

Use the Pythagorean trig identity

Use trig addition/subtraction formulas

Prove all circles are similar

Continued on next page
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Table F.1 — continued from previous page

1D Content Type Category Description
CCSS.MATH.CONTENT.HSG.C.A.2 Math Circles Analyze inscribed angle and chord relationships
CCSS.MATH.CONTENT.HSG.C.A.3 Math Circles Construct inscribed/circumscribed circles; prove cyclic
angles
CCSS.MATH.CONTENT.HSG.C.A 4 Math Circles Construct a tangent from an external point
CCSS.MATH.CONTENT.HSG.C.B.5 Math Circles Derive arc length and sector area formulas
CCSS.MATH.CONTENT.HSG.CO.A.1 Math Congruence Use precise geometric definitions
CCSS.MATH.CONTENT.HSG.CO.A.2 Math Congruence Represent and compare geometric transformations
CCSS.MATH.CONTENT.HSG.CO.A.3 Math Congruence Describe rotational/reflection symmetries of figures
CCSS.MATH.CONTENT.HSG.CO.A 4 Math Congruence Define rotations, reflections, and translations
CCSS.MATH.CONTENT.HSG.CO.A.5 Math Congruence Perform transformations and specify sequences
CCSS.MATH.CONTENT.HSG.CO.B.6 Math Congruence Use rigid motions to decide congruence
CCSS.MATH.CONTENT.HSG.CO.B.7 Math Congruence Link triangle congruence to matching sides/angles
CCSS.MATH.CONTENT.HSG.CO.B.8 Math Congruence Justify ASA/SAS/SSS congruence criteria
CCSS.MATH.CONTENT.HSG.CO.C.10 Math Congruence Prove triangle theorems (angles, midsegments, medians)
CCSS.MATH.CONTENT.HSG.CO.C.11 Math Congruence Prove parallelogram theorems
CCSS.MATH.CONTENT.HSG.CO.C.9 Math Congruence Prove theorems about lines and angles
CCSS.MATH.CONTENT.HSG.CO.D.12 Math Congruence Perform formal geometric constructions
CCSS.MATH.CONTENT.HSG.CO.D.13 Math Congruence Construct regular figures inscribed in a circle
CCSS.MATH.CONTENT.HSG.GMD.A.1  Math Geometric Measurement & Dimension Derive circle/solid formulas informally
CCSS.MATH.CONTENT.HSG.GMD.A.2  Math Geometric Measurement & Dimension Use Cavalieri’s principle for sphere volume
CCSS.MATH.CONTENT.HSG.GMD.A.3  Math Geometric Measurement & Dimension Apply volume formulas for solids
CCSS.MATH.CONTENT.HSG.GMD.B.4  Math Geometric Measurement & Dimension Identify cross-sections and solids of revolution
CCSS.MATH.CONTENT.HSG.GPE.A.1 Math Expressing Geometric Properties with Equations Derive circle equations; complete the square
CCSS.MATH.CONTENT.HSG.GPE.A.2 Math Expressing Geometric Properties with Equations Derive parabola equation from focus/directrix
CCSS.MATH.CONTENT.HSG.GPE.A.3 Math Expressing Geometric Properties with Equations Derive ellipse/hyperbola equations from foci
CCSS.MATH.CONTENT.HSG.GPE.B.4 Math Expressing Geometric Properties with Equations Prove geometry theorems using coordinates
CCSS.MATH.CONTENT.HSG.GPE.B.5 Math Expressing Geometric Properties with Equations Use slope to prove parallel/perpendicular lines
CCSS.MATH.CONTENT.HSG.GPE.B.6 Math Expressing Geometric Properties with Equations Find point dividing a segment in a ratio
CCSS.MATH.CONTENT.HSG.GPE.B.7 Math Expressing Geometric Properties with Equations Compute perimeter/area with coordinates
CCSS.MATH.CONTENT.HSG.MG.A.1 Math Modeling with Geometry Model real objects with geometric shapes
CCSS.MATH.CONTENT.HSG.MG.A.2 Math Modeling with Geometry Apply density concepts in modeling
CCSS.MATH.CONTENT.HSG.MG.A.3 Math Modeling with Geometry Solve design problems with geometry
CCSS.MATH.CONTENT.HSG.SRT.A.1 Math Similarity, Right Triangles, & Trigonometry Verify properties of dilations
CCSS.MATH.CONTENT.HSG.SRT.A.1.a Math Similarity, Right Triangles, & Trigonometry Describe dilation effects on lines
CCSS.MATH.CONTENT.HSG.SRT.A.1.b Math Similarity, Right Triangles, & Trigonometry Scale segments by a dilation factor
CCSS.MATH.CONTENT.HSG.SRT.A.2 Math Similarity, Right Triangles, & Trigonometry Decide similarity using transformations
CCSS.MATH.CONTENT.HSG.SRT.A.3 Math Similarity, Right Triangles, & Trigonometry Establish AA similarity criterion
CCSS.MATH.CONTENT.HSG.SRT.B.4 Math Similarity, Right Triangles, & Trigonometry Prove triangle theorems via similarity
CCSS.MATH.CONTENT.HSG.SRT.B.5 Math Similarity, Right Triangles, & Trigonometry Use triangle criteria to solve and prove

Continued on next page
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Table F.1 — continued from previous page

1D

Content Type

Category

Description

CCSS.MATH.CONTENT.HSG.SRT.C.6
CCSS.MATH.CONTENT.HSG.SRT.C.7
CCSS.MATH.CONTENT.HSG.SRT.C.8
CCSS.MATH.CONTENT.HSG.SRT.D.10
CCSS.MATH.CONTENT.HSG.SRT.D.11
CCSS.MATH.CONTENT.HSG.SRT.D.9
CCSS.MATH.CONTENT.HSN.CN.A.1
CCSS.MATH.CONTENT.HSN.CN.A.2
CCSS.MATH.CONTENT.HSN.CN.A.3
CCSS.MATH.CONTENT.HSN.CN.B.4
CCSS.MATH.CONTENT.HSN.CN.B.5
CCSS.MATH.CONTENT.HSN.CN.B.6
CCSS.MATH.CONTENT.HSN.CN.C.7
CCSS.MATH.CONTENT.HSN.CN.C.8
CCSS.MATH.CONTENT.HSN.CN.C.9
CCSS.MATH.CONTENT.HSN.Q.A.1
CCSS.MATH.CONTENT.HSN.Q.A.2
CCSS.MATH.CONTENT.HSN.Q.A.3
CCSS.MATH.CONTENT.HSN.RN.A.1
CCSS.MATH.CONTENT.HSN.RN.A.2
CCSS.MATH.CONTENT.HSN.RN.B.3
CCSS.MATH.CONTENT.HSN.VM.A.1
CCSS.MATH.CONTENT.HSN.VM.A.2
CCSS.MATH.CONTENT.HSN.VM.A.3
CCSS.MATH.CONTENT.HSN.VM.B .4
CCSS.MATH.CONTENT.HSN.VM.B.4.a
CCSS.MATH.CONTENT.HSN.VM.B.4.b
CCSS.MATH.CONTENT.HSN.VM.B.4.c
CCSS.MATH.CONTENT.HSN.VM.B.5
CCSS.MATH.CONTENT.HSN.VM.B.5.a
CCSS.MATH.CONTENT.HSN.VM.B.5.b
CCSS.MATH.CONTENT.HSN.VM.C.10
CCSS.MATH.CONTENT.HSN.VM.C.11
CCSS.MATH.CONTENT.HSN.VM.C.12
CCSS.MATH.CONTENT.HSN.VM.C.6
CCSS.MATH.CONTENT.HSN.VM.C.7
CCSS.MATH.CONTENT.HSN.VM.C.8
CCSS.MATH.CONTENT.HSN.VM.C.9
CCSS.MATH.CONTENT.HSS.CP.A.1

Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math

Similarity, Right Triangles, & Trigonometry
Similarity, Right Triangles, & Trigonometry
Similarity, Right Triangles, & Trigonometry
Similarity, Right Triangles, & Trigonometry
Similarity, Right Triangles, & Trigonometry
Similarity, Right Triangles, & Trigonometry
The Complex Number System

The Complex Number System

The Complex Number System

The Complex Number System

The Complex Number System

The Complex Number System

The Complex Number System

The Complex Number System

The Complex Number System

Quantities

Quantities

Quantities

The Real Number System

The Real Number System

The Real Number System

Vector & Matrix Quantities

Vector & Matrix Quantities

Vector & Matrix Quantities

Vector & Matrix Quantities

Vector & Matrix Quantities

Vector & Matrix Quantities

Vector & Matrix Quantities

Vector & Matrix Quantities

Vector & Matrix Quantities

Vector & Matrix Quantities

Vector & Matrix Quantities

Vector & Matrix Quantities

Vector & Matrix Quantities

Vector & Matrix Quantities

Vector & Matrix Quantities

Vector & Matrix Quantities

Vector & Matrix Quantities

Conditional Probability & the Rules of Probability

Define trig ratios using similar right triangles
Relate sine and cosine of complementary angles
Solve right triangles using trig and Pythagorean
Prove Laws of Sines and Cosines

Apply Law of Sines/Cosines to solve triangles
Derive triangle area formula (1/2 ab sin C)
Define i and complex numbers
Add/subtract/multiply complex numbers

Use conjugates for modulus and division
Represent complex numbers in rectangular/polar form
Use geometric representation of complex operations
Compute distance and midpoint in complex plane
Solve quadratics with complex solutions

Extend polynomial identities to complex numbers
State Fundamental Theorem of Algebra

Use units and scales in modeling

Define quantities for modeling

Choose appropriate precision

Define rational exponents and radicals

Rewrite radicals using exponent rules

Explain rational/irrational sums and products
Represent vector quantities (magnitude/direction)
Compute vector components from coordinates
Solve problems with vectors (e.g., velocity)

Add and subtract vectors

Add vectors using parallelogram rule

Find magnitude and direction of vector sums
Represent and compute vector subtraction
Multiply vectors by scalars

Represent scalar multiplication graphically
Compute magnitude/direction of scalar multiples
Use zero/identity; link determinant to inverse
Multiply matrices and vectors; view as transforms
Interpret 2x2 matrices as plane transforms

Use matrices to represent data

Scale matrices by scalars

Add/subtract/multiply matrices

Recognize non-commutativity of matrix multiplication
Describe events with set operations

Continued on next page
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Table F.1 — continued from previous page

1D

Content Type

Category

Description

CCSS.MATH.CONTENT.HSS.CP.A.2
CCSS.MATH.CONTENT.HSS.CP.A.3
CCSS.MATH.CONTENT.HSS.CP.A 4
CCSS.MATH.CONTENT.HSS.CP.A.5
CCSS.MATH.CONTENT.HSS.CP.B.6
CCSS.MATH.CONTENT.HSS.CP.B.7
CCSS.MATH.CONTENT.HSS.CP.B.8
CCSS.MATH.CONTENT.HSS.CP.B.9
CCSS.MATH.CONTENT.HSS.IC.A.1

CCSS.MATH.CONTENT.HSS.IC.A.2

CCSS.MATH.CONTENT.HSS.IC.B.3

CCSS.MATH.CONTENT.HSS.IC.B.4
CCSS.MATH.CONTENT.HSS.IC.B.5
CCSS.MATH.CONTENT.HSS.IC.B.6
CCSS.MATH.CONTENT.HSS.ID.A.1
CCSS.MATH.CONTENT.HSS.ID.A.2
CCSS.MATH.CONTENT.HSS.ID.A.3
CCSS.MATH.CONTENT.HSS.ID.A 4
CCSS.MATH.CONTENT.HSS.ID.B.5
CCSS.MATH.CONTENT.HSS.ID.B.6
CCSS.MATH.CONTENT.HSS.ID.B.6.a
CCSS.MATH.CONTENT.HSS.ID.B.6.b
CCSS.MATH.CONTENT.HSS.ID.B.6.c
CCSS.MATH.CONTENT.HSS.ID.C.7
CCSS.MATH.CONTENT.HSS.ID.C.8
CCSS.MATH.CONTENT.HSS.ID.C.9
CCSS.MATH.CONTENT.HSS.MD.A.1
CCSS.MATH.CONTENT.HSS.MD.A.2
CCSS.MATH.CONTENT.HSS.MD.A.3
CCSS.MATH.CONTENT.HSS.MD.A .4
CCSS.MATH.CONTENT.HSS.MD.B.5

CCSS.MATH.CONTENT.HSS.MD.B.5.a
CCSS.MATH.CONTENT.HSS.MD.B.5.b

CCSS.MATH.CONTENT.HSS.MD.B.6
CCSS.MATH.CONTENT.HSS.MD.B.7

Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math

Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math
Math

Conditional Probability & the Rules of Probability
Conditional Probability & the Rules of Probability
Conditional Probability & the Rules of Probability
Conditional Probability & the Rules of Probability
Conditional Probability & the Rules of Probability
Conditional Probability & the Rules of Probability
Conditional Probability & the Rules of Probability
Conditional Probability & the Rules of Probability
Making Inferences & Justifying Conclusions

Making Inferences & Justifying Conclusions

Making Inferences & Justifying Conclusions

Making Inferences & Justifying Conclusions
Making Inferences & Justifying Conclusions
Making Inferences & Justifying Conclusions
Interpreting Categorical & Quantitative Data
Interpreting Categorical & Quantitative Data
Interpreting Categorical & Quantitative Data
Interpreting Categorical & Quantitative Data
Interpreting Categorical & Quantitative Data
Interpreting Categorical & Quantitative Data
Interpreting Categorical & Quantitative Data
Interpreting Categorical & Quantitative Data
Interpreting Categorical & Quantitative Data
Interpreting Categorical & Quantitative Data
Interpreting Categorical & Quantitative Data
Interpreting Categorical & Quantitative Data
Measurement & Data

Measurement & Data

Measurement & Data

Measurement & Data

Measurement & Data

Measurement & Data

Measurement & Data

Measurement & Data

Measurement & Data

Determine independence via product rule

Interpret conditional probability and independence
Use two-way tables for conditional probability
Explain conditional probability in context
Compute conditional probability

Apply addition rule for probabilities

Apply general multiplication rule

Use permutations/combinations for probability
View statistics as inference from samples

Assess models using simulation

Differentiate surveys, experiments, and observational
studies

Estimate mean/proportion; develop margin of error
Compare treatments using experiments

Evaluate statistical reports

Represent data with dot/hist/box plots

Compare distributions by center and spread
Interpret differences including outliers

Use normal model with mean and SD

Summarize categorical data in two-way tables

Use scatter plots to describe relationships

Fit models to data and use them

Assess fit using residuals

Fit a linear function to data

Interpret slope and intercept in context

Compute and interpret correlation coefficient
Distinguish correlation from causation

Define random variables and distributions
Calculate expected value

Develop theoretical distributions; find expected value
Develop empirical distributions; find expected value
Evaluate decisions using expected value

Compute expected payoff in games

Compare strategies using expected value

Use probability to make fair decisions

Analyze decisions with probability concepts




G Common Core State Standard Coding Protocol

Listing 3: Prompt for assigning CCSS code to digitized items

SYSTEM:
You are a meticulous data-coder. You follow classification protocols
precisely and document your reasoning with traceable references.

Read these instructions carefully and follow the protocol exactly.

You are an education specialist tasked with evaluating standardized exam
questions. Your goal is to classify each question according to the
Common Core State Standards (CCSS) for either Mathematics or English
Language Arts (ELA).

Each question includes:

- f‘grade ‘: target grade level

- ‘subject ‘: either "math" or "reading"

- ‘passage ‘: optional reading passage (can be "not-applicable")

- ‘question_stem ‘: the main question

- ‘answer_options ‘: 1list of 4 answer choices, labeled ‘a_id=1‘ to ‘a_id=4°

For each question:

1. Determine the most appropriate CCSS code(s) from the given CCSS coding
instruction section.

2. Provide up to three (3) CCSS code(s). It is not necessary to fill all
three if fewer are relevant.

3. Justify your selection using direct quotes from the coding section.

4. Assign a confidence score between 0 and 1 (rounded to two decimals) to
every CCSS code provided.

5. Cite only the reference IDs you actually use.

PITFALL CHECKLIST

Before finalizing each classification, check for:

- Ambiguity in subject (e.g., reading comprehension vs. vocabulary)

- Grade mismatch (e.g., question complexity vs. stated grade)

- Multiple plausible standards (choose the most specific and relevant)
- Misleading distractors in answer options

- Missing passage context (if "not-applicable", adjust expectations)

OUTPUT

Return one UTF-8 encoded JSON object with two keys:

[SNANY

json
{
"data": [
{
"ccss_code": "CCSS.ELA-LITERACY.RL.3.1",
"justification": "This question asks students to refer explicitly to
the text to support their answer, which aligns with [1].",
"confidence": 0.92
}’
])
"references": [

76




"id": 1,

"text": "Ask and answer questions to demonstrate understanding of a
text, referring explicitly to the text as the basis for the
answers.",

T,
]
[SNAN1
## NOTES

- Use only standards from the instructions present in the coding section

- Do not hallucinate codes or guidelines.

- Justifications must be concise and reference actual text.

- Confidence should reflect your certainty in the match (e.g., 0.95 for
exact match, 0.70 for partial alignment).
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H Robustness to Ranked CCSS Skills

In this section, we present alternative ranking of skills using w", the unconditional item weights,
instead of w, the conditional on items weights. We first present the whole set of weights by CCSS
skills, and the rank correlation between skills between the two methods.

As can be seen, although the rank correlation differs somewhat, the overall Spearman correlation
is 0.7, which is fairly strong. That is to say, under both methods, the ranking by CCSS skill is
relatively similar. This is particularly true for the top 10 and bottom 10 CCSS skills.

Figure H.1: Rank Correlation by Skill (Cond vs Uncond Weights)
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Figure H.2: Return by CCSS Skills

Write/evaluate expressions with whole—number exponents ® Math | —_— | ]
Multiply multi-digit whole numbers fluently + Reading ! ——
Divide by two—digit divisors : —0— |
Graph points in the first quadrant | ——
Divide multi-digit numbers; quotients and remainders e —— |
Round decimals to any place : ——
Add/subtract multi-digit numbers fluently |, —— ||
Define a coordinate system with axes | —e— | ]
Generate patterns from a rule |—e—
Interpret information across media and formats :—0— [ |
Operate on multi-digit decimals —— H
Add/subtract/multiply/divide decimals to hundredths I —e—
Round multi-digit numbers to any place :—0—
Multiply multi-digit numbers using strategies —— [ |
Report center/variability; note outliers | —o—
Find factors; identify prime or composite :—0— | ]
Identify arithmetic patterns using properties ——
Use scientific notation to estimate size |—e— ]
Write and interpret numerical expressions :—0— [ ]
Convert units within a measurement system —0— | ]
Make scaled graphs; solve more/less problems +—o—
Add and subtract within 1000 fluently —— [ |
Solve perimeter problems for polygons T
Measure area by counting unit squares ——
Represent sample spaces for compound events —:0— [ |
Read, write, and compare multi-digit numbers —— [ [ ]
Solve unit rate problems —+@—
Solve measurement word problems using 4 ops —:—0—
Interpret division as sharing/grouping —— [ |
Identify and draw lines of symmetry ——
Round whole numbers to nearest 10/100 —o—
Apply rectangle area/perimeter formulas —:0—
Describe congruence via rigid motions ——
2 Classify quadrilaterals by attributes —o— [ | 10
< Generate and justify equivalent fractions + H 08
(7] Tell time; solve time—interval problems —— 05
wn Solve word problems using mult/div within 100 ——
N Apply volume formulas for rectangular prisms + [ | 02
(@) Solve one-step equations —— ]
(O  Solve two-step word problems; assess reasonableness —— Share
Use nets to find surface area —0:—
Measure mass/volume; solve one-step problems —— B
Solve problems with ratios and rates —+— ]
Identify main idea; summarize the text —0—:—
Model relationships with equations — ]
Solve multistep word problems (interpret remainders) —+
Build a uniform probability model —eo—L-
Explain relationships: time, sequence, cause —0—:
Identify main idea and supporting details ——
Write and graph inequalities ——1—
Solve fraction add/sub word problems (unlike denom) —0+ [ ]
Determine theme and summarize ——
Solve percent problems —— ||
Determine central idea; summarize objectively —— : B
Use Pythagorean Theorem for side lengths 00— | ]
Explain events or ideas using text details ——!
Recount stories; identify message or moral —— : | ]
Quote accurately; infer from text —
Ask and answer using text evidence — !
Describe plot progression and character change —— : ||
Interpret words, including mythological allusions —— |
Estimate probability from relative frequency ® +
Describe characters and how actions drive plot —— :
Determine word meanings in context ——
Identify author's POV or purpose — 1
Analyze character, setting, or event with details —— :
Interpret words: literal vs figurative — i ||
Determine word meanings, including technical —_———— |
Cite textual evidence for analysis — ! ]
Cite details and examples; draw inferences — :
Cite strong textual evidence for analysis —_—— 1 [ |
Cite multiple pieces of text evidence —— ! B
Analyze word choice impact on meaning/tone ~ —&—— : B
-0.10 -0.05 0.00 0.05 345 6 7 8exit
w Grade

This figure plots coefficient estimates from a regression of unconditional item-level returns (w") on Common Core skill indicators, controlling for
the question’s position within the test, discrimination and difficulty parameters. To account for estimation precision, observations are weighted by
the inverse of the variance of the returns. 79



I How much of the Variation in Q is Sampling Error?

In this section we want to understand how to judge the quality in the prediction of Q as generated
by machine learning model in Section 4. This implies considering the sampling expected variation in
ﬁ, and correcting our observed R? by the maximum expected R?. The discussion below focuses in
out-of-sample predictions unless otherwise stated, but we remove any extra notation to simplify
the exposition. That is, throughout, we impose the standard cross-fitting independence: for each
index m, the ML predictor h,, is computed on a fold that excludes the observations used to estimate
Wm; conditional on the true vector €2, we treat h as fixed with respect to the first-stage estimation
error e = Q — Q, so Ele | 2] = 0 and Cov(e, h | Q) = 0 (see ?Bach ct al. (2021)).

Notationally, let b denote a given grade-year combination, and let ﬁb and ﬁb the coefficient and
variance-covariance estimates from anchor model b (for a fixed anchor outcome), both of which
are unbiased estimators of €2 and X, respectively. The latter are the true, unobserved coefficient
vector, and unobserved variance-covariance matrix. The pooled coefficient estimates and variance-
covariance matrix are given by:

9%
Q= o izblockdiag(i‘l,...,EB).
Qs
We use an equivalent notation for the true € and X. Let N be the overall number of elements in

N=Y,Ny=>, Q. Also define the centering matrix C' = I — 11757
So, the observed variance of Q will be:

'wﬁy:%ﬁ@ﬁ (15)

Now, let’s consider the expected value of 15 conditional on the unobserved Q: %

EV@)Q = E{;QCQQ]
]' /
= N (Q'CQ+tr(Cx))

1, 1
= 0+ 1r(CD) (16)
—_—

‘/signal ‘/exp.noise

1 1, & 1
- —QCca+t (tr(Eb) - N122b1b> (17)

N N
—— b=1

Vsi
gnal
Veprnoise

That is, Vexp.noise 1S the bias from estimating the variance of the expected observed coefficients

5"Note that the expressions that follow assume equal weighting of all terms. If one wanted to apply different
non-negative weights ¢ € R™ with >, @i = 1, then one could replace C for P such that P = diag(y) — ¢¢’. One
such matrix would be the inverse-variance weighting matrix where ¢; o< 1/%;7, such that w’s that are more precisely
estimated get more weight. Another would be to use a Mahalanobis metric, such that P = blkdiag(37",...,X5"). In
this case the metric penalizes errors according to the full covariance of estimation uncertainty, not just the diagonal.

58The second step comes from the fact that for any RV X with mean m and covariance S and any symmetric
matrix A, E[X'AX] = tr(AS) + m’ Am.
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((AZ) with the actual observed variance of the coefficients (3Q'CQ).

Now let’s consider the expected value of R? for any h prediction model of Q. In order to
correct R?, we need to correct both the total sum of squares and the residual sum of squares. The
population level R? for any predictor h is:

(Q-h)(©Q-h)

R%(h) = o
QCQ

Consider the expected value of Equation 18. Then we have

(€ —h)(Q—h)

ER*N)|Q = 1-FE 505 1
~ E[(Q — ) (@ — h)|Q) (19)
E[QvCQ|Q]
_ L @=n@-h) +tr(S) 20)

QCQ + tr(CY)

where the approximation is the first order approximation.
Thus, to estimate the true performance, we correct both the numerator and denominator. For
the expected true SSE, SSE¢,4e, we have:

S/STEtrue = (ﬁ - h) (Q h) - tT( )

And for the expected variance of the signal, ‘A/Signal, we have:

‘//\Ysignal = ﬁ/Cﬁ - tT(CE)

Finally, /\ R ~ ~
R2 -1 SSEtrue -1 (Q — h)/(ﬂ B h) — tT(Z) ) (21)
corrected ‘/sjgnal QCO — t?’(CE)

We report R% . . in Section 7.3. Figure 13 presents a comparison of the “raw” (uncorrected)
and corrected R?s for various models for Q. This figure shows the importance of correcting for
the first-stage estimation error in Q-the corrected R%s are 50-200% larger than their uncorrected
counterparts. Not surprisingly, the correction makes the largest difference for the item weights
estimated on white men only, a smaller subset of the full analysis sample. Interestingly, the corrected
R?s are quite similar across different anchor models, unlike for the uncorrected Rs.
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Figure I.1: R2 Correction by w

R2 m Estimated W Corrected
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J Details on architecture of g(text)

J.1 Neural Network Architecture

For the NN model we use a fully connected feed-forward neural network to predict a single con-
tinuous outcome - our w. As is standard in neural network models, both the outcomes and the
input covariates are standardized to zero mean and unit variance. For the outcome, after we fit
the model on a standardized version of the target we invert the transformation for evaluation and
reporting, so metrics are in the original units.

The architecture consists of a stack of dense (ReLU) layers followed by a linear output layer
with one unit. The depth and width are tuned. Concretely, the first hidden layer contains between
32 and 512 units, and we allow an additional 1-3 hidden layers, each with 64-512 units. Every
hidden layer is followed by batch normalization and dropout. We also apply L2 (ridge) penalties
to all dense layers. Both the dropout rates and the L2 coefficients are selected by the tuner. The
final layer is a single linear neuron producing the scalar prediction.

Hyperparameters are chosen with ‘KerasTuner’ using random search. The search space includes:
the number of hidden layers (24 total, counting the first), the units per layer (as above, in steps
of 32), the per-layer L2 penalty (log-uniform between 10~* and 1072), the dropout rate after each
hidden layer (0.20-0.50), and the Adam learning rate (chosen from 1073, 10~#, and 107°). Each
trial is trained for up to 100 epochs with early stopping on validation loss (patience 10, restoring
the best weights), and we average performance across three executions per trial to reduce training
noise. The selected model is the one with the lowest validation mean squared error over the search.

J.2 Computational Resources

All ML models were estimated on TACC’s Lonestar6 (LS6) GPU nodes. Each LS6 A100 node
comprises dual AMD EPYC 7763 (‘Milan’) CPUs with 128 physical cores, 256 GB RAM, and three
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NVIDIA A100 (40 GB HBM2) GPUs per node; GPU-accelerated jobs were scheduled to the A100
partitions accordingly. We relied on the system CUDA-enabled XGBoost builds and TensorFlow
with cuDNN.
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