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Abstract

Standardized test scores aggregate item (question) responses into a single scalar, collapsing
distinct skills into an undifferentiated measure of proficiency. Which of these component skills
is most predictive of long-run economic outcomes is a question that aggregate scores cannot
answer. We develop a framework that looks both inside the score—re-weighting items by their
predictive power for a chosen outcome (“item-level prices”)—and inside the item—using the
digitized text of each question to identify what skills drive the variation in these prices. We apply
this framework to over 3,500 items linked to approximately 1 billion student-by-item-response
records and adult earnings from Texas administrative data. Achievement scales that weight
items by their estimated economic prices yield white–minority gaps that are 31%–58% larger
than conventional scales and substantially reorder individual student rankings. To interpret
these prices, we show that item text carries economically relevant information beyond standard
psychometric characteristics, and we develop a novel text-based mapping of items to the over
600 skills comprising the Common Core State Standards. The mapping reveals that math skills
involving procedural fluency, spatial reasoning, and codifiable, rule-based tasks have the highest
estimated prices, while basic reading comprehension dominates more fine-grained reading skills.
To our knowledge, this provides the first granular evidence on which specific K–12 curricular
standards are most predictive of long-run labor-market outcomes.
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1 Introduction

Standardized test scores are constructed to measure academic proficiency—a goal that shapes the

choices psychometricians make about how to aggregate individual item (question) responses into a

single scalar. Researchers across the social sciences then commonly re-purpose these scores for their

own, often very different, objectives: estimating returns to education, understanding the determi-

nants of intergenerational mobility, among others. Such uses come with two limitations. First,

the aggregation embedded in the score was not designed to measure the other latent constructs

of interest, e.g., human capital. In psychometric terms, test scores can be valid measures of aca-

demic proficiency and yet may lack validity as measures of economically valuable skills.1 Second,

the aggregation makes it impossible to distinguish component skills whose relevance for social and

economic outcomes may differ sharply. A student’s math score, for instance, collapses spatial rea-

soning, algebraic manipulation, and data interpretation into a single number, implicitly weighting

each as it pertains to the original psychometric goal of the scale. Which of these skills matter most

for long-run outcomes is a question that aggregate test scores, by construction, cannot answer.

This paper argues that two related but distinct steps are needed to bridge the gap between

psychometric test-score construction and economic skill measurement. The first is to look inside the

score: because different test items predict economic outcomes to very different degrees, reweighting

items by their predictive power for a chosen outcome yields achievement measures that can differ

markedly from conventional scores. The second is to look inside the item: if we observe the content

of each question – its text, structure, and cognitive demands – we can move from knowing which

questions predict outcomes to identifying which skills do. We show that both steps are essential,

and that together they open a path to credibly re-purpose test score data for skill measurement

relevant for long-run economic outcomes.

Figure 1 illustrates the kind of variation that standard, psychometrically-derived aggregations

of item responses conceal. Each point plots the raw log-earnings difference, roughly one decade

after testing, between students who answered a given item correctly and those who did not for

the universe of Texas public-school eighth graders in 1996. Some items are associated with earn-

ings differences of roughly 10%, while others exceed 50%. This wide variation suggests that item

responses contain potentially valuable information for understanding human capital. However, to

make full use of these data we must move beyond documenting which questions predict outcomes

to identifying what skills predict outcomes. That is the central question of this paper.

We develop a two-stage framework to tackle this question. In the first stage, adapting and ex-

tending Nielsen (2019, accepted), we estimate the “price” of each test item, defined as the expected

difference in an anchor outcome (e.g., log earnings) between answering the item correctly and in-

correctly, conditional on the other item responses. Although these prices need not equal causal

1As de�ned in the Standards for Educational and Psychological Testing, the gold standard guide to test-
ing,\[v]alidity refers to the degree to which evidence and theory support the interpretations of test scores for proposed
uses of tests. Validity is, therefore, the most fundamental consideration in developing tests and evaluating tests"
(American Educational Research Association, 2014, p. 11).
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returns to skill, we nonetheless argue that these prices likely reflect the causal return to skills

more so than the presence of confounders.2 The item prices naturally generate an item-anchored

achievement scale consisting of the price-weighted sum of the item responses. This scale is in in-

terpretable “outcome” units and reflects the item-outcome relationships conventional psychometric

scales ignore. In the second stage, we use the content of the items to explain why some have high

prices and others do not. We do this through two complementary approaches. First, we convert

each digitized item into a numerical representation using state-of-the-art text embeddings, and

we estimate a flexible machine-learning model mapping these representations to item prices. We

show that the language of a question contains economically relevant information above and beyond

standard psychometric characteristics. Second, to uncover the information in the text, we develop

a novel text-based mapping from items to the detailed skill taxonomy of the Common Core State

Standards (CCSS), producing an estimated “price,” analogous to the item prices, for each of the

over 600 skills (standards) in the CCSS. Throughout, we apply the framework with wages as the

anchor outcome, noting that the same approach can be applied to other outcomes such as college

attendance or high-school graduation.

Figure 1: Item-level Earnings Differences for 8th Graders in 1996
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Notes: This �gure plots for each item (test question) administered to 8th graders in 1996, the di�erence in log
earnings at age 25 between students who answered each item correctly versus those who did not. Items are
ordered by the value of this di�erence. 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 earnings di�erences.

Implementing this framework requires data that, to our knowledge, have not previously been

assembled. We collect and digitize over 3,500 standardized-test items from scanned test booklets

administered across roughly 12 million student-grade records of Texas public-school students in

grades 3-8 and an exit exam administered in grade 10 or 11. We link these digitized items to

approximately 1 billion student item-response records, which are in turn linked to adult earnings

via state unemployment-insurance records. Finally, we map each item to the CCSS (over 600

standards in reading and mathematics) using a novel algorithmic procedure based on the semantic

2See Section 4, particularly 4.3, for details of this argument.
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similarity of item and CCSS standard texts.3 To our knowledge, this is the first general, replicable

method for mapping any test item to any skill taxonomy based on the textual content of the items

and taxonomy entries.

We report three sets of results. First, we show that achievement scales constructed from esti-

mated item prices substantially alter two objects that are central to applied work: achievement

gaps across racial and ethnic groups, and achievement ranks across individuals. In relative terms,

white–Hispanic and white–Black gaps measured on the item-anchored scale are 31% and 58% larger,

respectively, than those measured on the conventional psychometric scale.4 These differences arise

because Black and Hispanic students perform disproportionately worse on items that strongly

predict earnings yet receive relatively little implicit weight under the conventional scale. The item-

anchored scores also sharply reorder individual student rankings: within a given conventional-score

ventile, the 90% range of item-anchored scores often exceeds two standard deviations. These find-

ings on gaps and ranks echo Nielsen (2019, accepted) in a new context with substantially more

data and policy relevance.5

Second, we find that the text of the item carries economically relevant information beyond

standard psychometric and test-metadata characteristics. Using state-of-the-art sentence encoders,

we embed each digitized item and estimate a flexible neural-network mapping from embeddings,

psychometric characteristics (e.g., difficulty and discrimination), and test metadata (e.g., subject

and item placement in the test) to item prices. Notably, while more difficult and more discriminating

items do have higher prices on average, these psychometric characteristics explain only a modest

share of the observed item-price variation. Including text embeddings raises the out-of-sample R2

by 20–50% relative to models that use only metadata and psychometric characteristics, confirming

that the language of a question encodes novel information about its power to predict economic

outcomes.

Third, to unpack what in an item’s language explains its predictiveness, we develop a standards-

based approach that maps each item to a detailed set of CCSS standards based on the semantic

similarity of their texts.6 Because any given item may draw on multiple skills, we define the price of

each CCSS standard as a weighted average of the item prices mapped to it, where the weights follow

a softmax (multinomial logit) kernel over the text similarities, so that each standard’s estimated

price is concentrated on the items most closely aligned with it in the embedding space. We find a

striking concentration of high-price skills in mathematics relative to reading, and, within math, a

3Note that the tests we assess pre-date the CCSS, which was also never adopted by Texas. We thus use the CCSS
as an ex post interpretive taxonomy, not as the standards these tests were designed to adhere to.

4We correct for attenuation due to measurement error using a split-half IV reliability adjustment (odd/even items)
as in Nielsen (2019, accepted). See Section 5.

5Nielsen (2019, accepted) uses the National Longitudinal Survey of Youth 1979, a panel survey of roughly 12,000
youth who were teenagers in 1980. The test items come from the Armed Forces Qualifying Test, administered to
each respondent only once.

6While the CCSS developed clear and consistent grade-level standards in English Language Arts (ELA) and
Mathematics, they were written as outcome expectations rather than a prescribed curriculum, which makes them
useful as a common language for describing assessed skills. Thus, throughout the paper we refer to individual CCSS
standards as skills.
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clear tilt toward procedural, multi-step, rule-based computation (e.g., formula application, ordering

numbers), rather than more conceptual or interpretive tasks. We also �nd that spatial reasoning

tasks have notably higher prices than non-spatial tasks in mathematics.

While the majority of high-price standards are concentrated in math, we �nd that basic reading

comprehension ranks higher than half of all math standards. This is in contrast with the lowest-

ranked reading skills, which focus on analyzing tone, citing textual evidence, or determining word

meanings. These results provide the �rst granular, item-level, standards-based account of which

K{12 curricular skills are most predictive of long-run labor-market outcomes.

We assess the sensitivity of both stages of the analysis to speci�cation and modeling choices.

For the �rst-stage item prices, we show that estimates are stable across alternative geographic

controls (county versus commuting-zone or school �xed e�ects), demographic samples (restricting

to white males), and estimation methods (ridge and LASSO), with pairwise tests of equality between

baseline and alternative item-price estimates rejecting for fewer than 2% of items at the 5% level.

Because our preferred anchor model speci�cation is linear in items, we also show through a series

of Monte Carlo experiments that the linear-in-items speci�cation recovers item prices with low

bias even when the true data-generating process contains higher-order item interactions. For the

second-stage skill mapping, the CCSS prices are nearly identical whether the individual CCSS

skills are extracted from the full CCSS taxonomy by an open-source model or a closed-source

model, with correlations exceeding 0.9. Moreover, the CCSS prices are stable across alternative

weighting kernels for the item-to-skill similarity/distance, and re-estimating the full pipeline on

the white-male subsample yields a CCSS-level rank correlation of 0.88 with qualitatively identical

patterns across skill dimensions.

Prior Literature

Our results connect to several literatures in economics, psychometrics, and education policy. We

organize the discussion around the paper's three main contributions.

We develop a general, replicable method for mapping any test item to any skill taxonomy based

on the semantic similarity between the texts of the items and the skills, and we apply this method

to map Texas items to the Common Core State Standards. This produces, to our knowledge, the

�rst evidence on which curricular skills measured at the granularity of the CCSS predict long-run

earnings. This contribution speaks directly to the large literature on the role of skills and hu-

man capital in determining earnings and other outcomes.7 That literature has generally treated

\achievement" either as a unidimensional or as a coarsely partitioned object (e.g., cognitive vs.

non-cognitive, math vs. reading, etc.). By contrast, our framework, which assumes that di�erent

outcomes correspondby construction to di�erent achievement scales, echoes Deming (2023), Dem-

7For earnings see 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);
health: Cutler and Lleras-Muney (2010), Auld and Sidhu (2005), Kaestner and Callison (2011), Mocan and Altindag
(2014); criminal behavior: Mears and Cochran (2013), Tto� et al. (2016), Heckman et al. (2006), Chen et al. (2025);
fertility: Kolk and Barclay (2019), Mansour and McKinnish (2014), among many others.
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ing and Silliman (2025), and Nielsen (2026, 2025b, 2023b) in arguing that human capital should be

understood as multidimensional. Although multidimensional item response theory (MIRT) shares

the premise that achievement is multidimensional (Reckase, 1985, 2009), it di�ers fundamentally

in how the dimensions are de�ned: it recovers the latent vector of skills from the covariance matrix

of the item responses rather than from the relationships between the item responses and di�erent

economic outcomes.8 Our CCSS-based mapping also speaks to the extensive debate surrounding

curriculum construction and standards-based reform.9 By revealing that the CCSS standards have

widely varying earnings prices, our paper highlights the context-dependent nature of curricular

choices and suggests that a reorientation toward high-price standards may be bene�cial. This anal-

ysis also builds on prior work demonstrating that di�erent school subjects and di�erent subsections

of standardized achievement tests may have varying associations with outcomes (Cawley et al.,

1999, Rose and Betts, 2004, Bettinger et al., 2013). In contemporaneous work, Conrad et al. (2026)

�nds that math scores predict early-career earnings much more strongly than ELA scores, with

especially large gradients for middle-school assessments. Although our setting is di�erent and our

data considerably more granular, our results likewise point to a larger role for math, particularly

assessed around grade 8, in predicting earnings. Finally, our classi�cation of high- and low-price

skills draws on prior work on the cognitive \depth of knowledge" of academic tasks (Webb, 1997,

2007) and on routine/nonroutine tasks (Simon, 1960, Autor et al., 2003, Autor, 2013, Spitz-Oener,

2006, Polanyi, 1966).

Our second contribution is to bring AI and machine learning tools to the economics of achieve-

ment measurement by digitizing, embedding, and analyzing item content at scale, showing that

item text contains information about economic value that standard psychometric parameters and

test metadata do not capture. This contribution connects to the growing literature within psycho-

metrics showing that such tools can be used to predict item di�culty. In recent work, Kapoor et al.

(2025) shows that LLM embeddings of item text can accurately predict item di�culty, providing a

proof of concept for the approach we take here to relate embeddings to item-level economic prices.

Benedetto et al. (2023) and Al-Khuzaey et al. (2024) survey recent e�orts at text-based estimation

of question di�culty. Relative to this new literature within psychometrics, our approach di�ers

both in objective | predicting/explaining economic prices rather than psychometric di�culty |

and in methodological details. Moreover, the use of text embeddings to generate a map between a

curricular skill taxonomy and items is, to our knowledge, novel.

We also contribute to a growing literature within both psychometrics and economics that seeks

to leverage item-response data in novel ways. In psychometrics, Gilbert et al. (2025), Ahmed et al.

8As with single-dimension IRT, MIRT factor scales are not cardinal and moreover are identi�ed only up to rotation.
Anchoring such factors to an outcome (Cunha et al., 2010) can yield cardinal achievement measures. We instead
anchor items to the outcome directly, avoiding any commitment to a particular latent-factor structure.

9See, 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), Betts and Grogger (2003). This prior
literature has mostly studied the e�ects of exposure to CCSS or some other curricular standard on either earnings
or some measure of academic achievement. The extent to which individual CCSS standards predict earnings is not
addressed.
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(2025), and Gilbert et al. (2024) show that item-level heterogeneous treatment e�ects are pervasive:

interventions often di�erentially impact speci�c items or subdomains rather than a�ecting the latent

construct uniformly. Gilbert et al. (2025) proposes using item-level covariates to explain residual

variation in these e�ects. In economics, recent work has used item-level data to estimate returns

to cognitive endurance (Reyes, 2023), identify coachable items (Reyes et al., 2024), and study the

e�ects of di�erential representation on test performance (Lee and Schaelling, 2025). Relative to

these literatures, our paper di�ers in its focus on explaining theeconomic importance of items, its

more extensive use of LLMs and machine learning for digitizing and analyzing item content, and

its focus on achievement measurement rather than treatment-e�ect heterogeneity.10

Third, we con�rm (with 12 million students and 3,500 items) that item-anchored achievement

scales meaningfully alter estimated racial achievement gaps and individual student rankings, ex-

tending prior work to a large-scale administrative setting. This contribution builds most directly

on Nielsen (2019, accepted), the �rst paper to argue that psychometric aggregation of items dis-

cards economically valuable information and that outcome-anchored aggregation can paint a very

di�erent picture of both individual and group-level achievement. 11 Bruhn et al. (2025) likewise

document information loss from item aggregation using data from more recent cohorts of Texas

students and focusing on shorter-run outcomes such as school discipline, course performance, and

school completion. Bruhn et al. (2025) further show that item-level analyses signi�cantly alter

teacher value-added estimates and that, absent item content, item-speci�c teacher value-added

patterns can link substantively similar items across years and cohorts.

The rest of the paper proceeds as follows. Section 2 introduces the item-anchored framework and

de�nes both anchored achievement and item prices. Section 3 describes the student{item response

and earnings data, as well as the collection and digitization of item texts. Section 4 formalizes the

estimation of item prices. Section 5 revisits estimated achievement gaps and individual student

ranks under item-anchoring versus conventional scales. Section 6 examines item prices through ob-

servable psychometric and test-metadata features. Section 7 relates item prices to text embeddings

via 
exible prediction models. Section 8 interprets prices via the item-to-CCSS skill mapping and

presents the skill-price estimates. Section 9 concludes.

10 Our paper also contributes to broader literatures on the measurement of achievement and the properties of
standardized test scores. Past research has argued that psychometric scales lack a cardinal interpretation (Lord,
1975, Jacob and Rothstein, 2016, Cunha et al., 2021) and that standard results in economics can be sensitive to
economically arbitrary scaling choices (Cunha et al., 2010, Bond and Lang, 2018, 2013, 2019, Schr•oder and Yitzhaki,
2017, Nielsen, 2025a, 2023a).

11 One result in Nielsen (2019, accepted) is that item-predicted white{Black di�erences in labor-market outcomes
equal observed gaps, though this does not hold for household income. A second result is that individual achievement
ranks shift notably under 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 item-
anchored achievement variability increases dramatically as children progress through school, with clear implications
for analyses that standardize scores to unit variance at each grade.
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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 a price

vector b
 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 estimatingb
 . The bulk of our

empirical work is concerned with understanding which item-level features are associated with low

or high estimated prices. This section lays out the basic de�nitions and conceptual framework

underlying our approach, which builds on the frameworks in Nielsen (2019, accepted) and Bond

and Lang (2018).

We seek to de�ne the notion of a \price" for each test item. Introducing some notation, let i

index a test-taking student from some population of interest (e.g., from a particular grade/year in

the Texas data). The test consists ofM dichotomous items with D i denoting the vector of i 's item

responses:D i = [ D i; 1; : : : D i;M ] where D i;m = 1 if i gets item m correct and 0 otherwise. For any

particular question m, we haveD i = [ D i;m ; D i; � m ] where D i; � m denotes the lengthM � 1 vector

of all i 's item responses other than to itemm.12

Implicit in a test scale is the choice of an itemimportance vector, 
 = [ ! 1; : : : ! M ], containing

a weight for each item in the test, which is used to aggregate the full vector of a student's item

responses (D i ) 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 speci�c items they answer correctly. 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) di�culty,

discrimination, and guess-ability. Two items that are the same on these three dimensions will have

equal in
uence on a student's estimated achievement.13

In this paper, we instead seek a de�nition of 
 based on the economic usefulness of each item.

Thus, we use \prices" to describe the elements of
 : We adapt the item-anchoring approach in

Nielsen (2019, accepted) which de�nes achievementA i as the component of some outcomeSi that

is predictable from ideal psychometric data:

Si = A i + � i : (1)

Here, � i represents determinants of the outcomeSi that are not predictable from psychometric data.

Thus, E[� i A i ] = 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 i � E[Si jD i ; X i ]:

Thus, ~A i is de�ned relative to the particular items used to assess achievement.~A i will by necessity
12 In keeping with standard notational conventions, we denote random variables/vectors by capital letters, speci�c

values of random variables in lower case, and we denote vectors in bold.
13 In 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 su�cient statistic for achievement.
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be a noisy measure ofA i { we suppose that ~A i = A i + � i ; where � i is classical measurement error.

This irreducible error � i ; common in classical testing theory, is important in our context only for

the estimation of mean di�erences in achievement but is not generally important for the de�nition

or estimation of 
 ; our primary object of interest.

To estimate ~A i ; we suppose that for some knownf parametrized by the vector 	 :

~A i = f (D i ; X i ; 	 ): (2)

Data on outcomes, item responses, and controls can then be used to estimate	 : The item-

anchored scores are then estimated bŷA i = f (D i ; X i ; b	 ) = bE[Si jD i ; X i ]: The test scale de�ned by

f (D i ; X i ; b	 ) aggregates individual items based on their observed relationships with the outcomeSi

according to the structure imposed byf: 14 Section 4 presents the empirical details of our estimation

approach.

Our de�nition of the item-price vector 
 follows from our de�nition of item-anchored achieve-

ment. The price of item m, ! m , is de�ned as the average change in~A i from toggling item m from

incorrect to correct, holding �xed the remaining item responses and covariates and averaging over

their population distribution:

! m � ED � m ;X [f (D i;m = 1 ; D i; � m ; X i ; 	 ) � f (D i;m = 0 ; D i; � m ; X i ; 	 )]: (3)

Equivalently, ! m is the average di�erence in the expected anchor outcomeS between students

who answer item m correctly and those who do not, holding everything else �xed. Like conven-

tional test scales, our approach assigns a weight to each item; unlike equal-weight or psychometric

scales, however, it chooses these weights according to each item's predictive relevance for a long-run

economic outcome of interest.

Importantly, ! m is not a causal or structural parameter. It is a predictive price: any factor

that is correlated with both the item response and the anchor outcome can load on! m . There

are therefore several channels through which an item can acquire a high estimated price. First,

the academic skill assessed by the item may have a direct labor-market return; many jobs require

reading comprehension, numeracy, and other basic academic skills. Second, the skill assessed by

item m may be an input into the future acquisition of higher-level skills that themselves have labor-

market returns. Basic arithmetic, for example, may be valuable partly because it is a prerequisite

for higher-level quantitative tasks which are themselves directly rewarded in the labor market. In a

di�erent context, Nielsen (2025b) �nds empirical support for this type of cumulative skill-production

framework. Third, the item might have a high price for reasons unrelated to the academic skill being

assessed, either through noncognitive skills helpful for solving the item or through sociodemographic

and other confounders.

These additional channels do not all have the same interpretation. In particular, noncognitive

14 This scale, unlike traditional test scales, is also cardinal { a given change in scores � A corresponds to a �xed
change in the predicted value of S; which is itself (by assumption) cardinally interpretable. See Nielsen (2019,
accepted) for more details.
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components of item performance are not necessarily a threat to our framework. Item responses

will generally depend on skills such as conscientiousness, grit, etc., in addition to the particular

academic skill being assessed. A correct response to an item thus indicates both that the student

has the necessary academic skilland is willing and able to put in the care and e�ort needed to

actually complete the item. In this case, ! m should be interpreted not as the price of a narrowly

de�ned academic skill, but as the price of the bundle of academic and nonacademic attributes that

contribute to a correct response on itemm:15

By contrast, other channels are more naturally viewed as confounds. An item might predict

adult earnings not because it captures a valuable cognitive or noncognitive skill, but rather because

it is correlated with family background or other non-skill determinants of later outcomes. For ex-

ample, an item involving yachting terminology might predict earnings even if knowledge of yachting

vocabulary has no independent value in the labor market. Our research design cannot de�nitively

rule out such channels. However, in Section 3 and Section 4, we provide substantial evidence that

the estimates of 
 re
ect economically relevant skills, broadly construed to include noncognitive

components of item performance, more so than sociodemographic and other confounds.

As de�ned, the f ! m g are population objects, and we must estimate them from our sample.

We do this by �rst estimating 	 ; the parameter vector governing f: This allows us to compute,

for each individual i; Â i [D i;m = 1] = f (D i;m = 1 ; D i; � m ; X i ; b	 ) and Â i [D i;m = 0] = f (D i;m =

0; D i; � m ; X i ; b	 ); where in both casesD i; � m denotes the actual vector of non-m item responses for

student i: We then estimate ! m using sample averages:

!̂ m =
1
N

NX

i =1

�
Â i [D i;m = 1] � Â i [D i;m = 0]

�
: (4)

In the case that f is linear in the item vector, this calculation takes a much simpler form: ^! m = �̂ m ;

the estimated coe�cient for item m:

With b
 in hand, the main part of our analysis seeks to understand how observable characteris-

tics of the items explain (in the statistical sense) these item prices. In particular, we consider two

conceptually distinct types of item-level data. First, we denote by R m all of the non-text charac-

teristics of an item: its subject (e.g., math or reading), IRT parameters (di�culty, discrimination,

etc.), learning objective, placement within the test (e.g. question number), etc., and we letR be

the stack of these characteristics across the itemsm: Second, we denote byEm a mathematical

15 
 can be interpreted also as de�ning an outcome-relevant direction in the M -dimensional item-response space.
If item responses are driven by a latent vector of skills L ; our approach is to use the full vector of item responses for
student i to proxy for L i : Prior literatures have generally employed factor model approaches to recover low-dimensional
latent skills in similar contexts. In psychometrics, Item Response Theory (IRT) relies on assumed factor structure for
skills (e.g., J•oreskog (1969), Reise (2012), Reckase (1985)). In economics, item-level response data remain relatively
uncommon, and the dominant approach treats test scores and behavioral outcomes as noisy measures of latent skills
(Heckman et al., 2006, Cunha et al., 2010, Schennach, 2022). These methods generally require the researcher to
de�ne 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 i . By contrast, our method does not require specifying the
dimension of the latent skill space in advance, nor does it require a parametric measurement model linking latent
skills to item responses.
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representation of the item text T m , with E representing the matrix of these data across items.16

Then, we suppose that for some functiong and a residual component� ;


 = g(R ; E) + � : (5)

Depending on the context, we either assume a particular parametric form forg or that it is well-

approximated by a neural network or some other 
exible model. Because we do not observe
 ; we

instead estimate a version of equation (5) substituting b
 for 
 : In doing this, we take account of

the �rst-stage estimation error in the item prices. We will discuss the details of this adjustment,

as well as other empirical implementation details, in later sections.

3 Data

Constructing estimates of 
 and item-anchored achievement requires student-level data on (1) an

interpretable economic outcome (Si ), (2) item responses (D i ), and (3) additional covariates (X i ).

Furthermore, understanding what characterizes high-price 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 ingredients. 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 su�er from a number of signi�cant 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-run economic

outcomes, covering the universe of public school students in Texas from the 1995-96 to 2001-02

school years.17

However, 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, its subject (math or reading), and its

position in the test. Thus, we supplement these data in two ways. First, we collect and digitize

the test booklets used in statewide testing, which allows us to recover image and text information

for each test item. Second, we use the content of the items to link each item to the skill taxonomy

de�ned by the Common Core State Standards (CCSS) to obtain a richer picture of the skills assessed

by each item.

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

Appendix A for additional details.

16 We use \Em " because our empirical work will use embedding space representations of the text. Em will thus be
a high-dimensional real vector.

17 Throughout, we use the year of the spring term to refer to each school year.
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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 (typically

grade 10 or 11). The purpose of these assessments is to measure the level and growth of student pro-

�ciency and learning in Texas public schools. In this paper we link student item-response patterns

to subsequent adult earnings. Thus, we focus our analysis on the Texas Assessment of Academic

Skills (TAAS) (1990{2002), the earliest test available in the ERC data, which allows us to observe

wages at age 25 for all test-takers while also preserving the same assessment design.18

A key feature of the state's data collection e�orts for our purposes 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 selected, (2)

whether the answer was correct, and (3) whether the student skipped the item. In addition to the

student item responses, we also observe the test subject (math or reading) and learning objective

associated with each question.19

Panel B of Table 1 presents item-level descriptive statistics for our analysis sample. Overall, the

average item is answered correctly by 80% of students. Importantly, the percent correct variable

ranges from 24% to 99% across our 4,739 items, with the 1st and 99th percentiles at 46% and 98%,

respectively. Thus, the items retain meaningful information content { the are answered neither

correctly nor incorrectly by all students. Our sample contains slightly more math than reading

questions. The raw log earnings di�erence between a correct versus incorrect answer (as plotted

in Figure 1) for the average item is 0.28 log points (approximately 32%), while our conditional

estimate, !̂ , indicates a 0.01 log point (approximately 1%) average price.20

We are able to recover the text of 76% of the items administered between 1996{2002 (see

Section 3.3.1 for more details). Thus, in columns (4) through (6) we present analogous statistics

for the subsample with item text data available. The descriptive statistics for this subsample do

not di�er meaningfully from the full sample. In total, our analysis draws on more than 1.2 billion

student-item responses, approximately 940 million of which we can link to recovered item text.

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 link item responses to earnings for

any public school student who receives wage/salary income in Texas in adulthood.21 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.22 As such, we

18 See Appendix A.2 for an explanation of the anchoring timelines and implications of long-term data availability.
19 The standardized tests we study were designed to measure broad learning objectives consistently over time. See

Table A.3 for the list of TAAS testing objectives in reading and mathematics.
20 See Section 2 and Section 4 for a discussion of the estimation of these prices.
21 This excludes self-employed workers and independent contractors.
22 In 2012, 82% of all Texas-born individuals remained in Texas (Aisch et al., 2014).
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Table 1: Descriptive Statistics

All Digitized Sample

(1) (2) (3) (4) (5) (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
Earnings at 25 $29,693 $29,010 9,111,275 $29,932 $29,452 6,996,713
Earnings at 30 $42,466 $44,479 6,717,698 $42,775 $44,295 4,731,630
Earnings 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 0.76 0.43 4,739 1.00 0.00 3,555
Raw Log Earnings Di�erence 0.28 0.07 4,739 0.28 0.07 3,555
!̂ m 0.01 0.02 4,739 0.01 0.02 3,555
Discrimination IRT 1.49 0.44 4,739 1.48 0.44 3,555
Di�culty IRT -1.31 0.87 4,739 -1.35 0.87 3,555
Student-Grade-Item Responses 1,235,875,456 937,619,520

Notes: This table presents descriptive statistics of student-by-grade demographics and long-run outcomes in
Panel A, and item-level characteristics in Panel B. All earnings data are converted to 2019 dollars using the
U.S. Bureau of Labor Statistics Historical Consumer Price Index for all urban consumers (CPI-U). Columns
(1){(3) present statistics for the universe of students in Texas from 1996{2002 who took standardized tests
(grades 3{8 and the exit exam). Columns (4){(6) present analogous statistics for the grade-year combinations
for which we recovered test booklets.

are able to recover labor market information for approximately 72% of the universe of test-takers.

We take as our baseline \anchor" outcome adult earnings at age 25.23 Ideally we would be

able to measure student earnings at later ages in order to more accurately capture individual

variation in lifetime earnings.24 To avoid pandemic-era labor-market distortions, we restrict to

cohorts whose earnings are observedpre{COVID , which prevents us from observing most of the

23 TWC data are reported quarterly. We aggregate quarterly earnings for all students to generate yearly earnings.
To reduce the importance of measurement error and transitory earnings 
uctuations, we measure earnings at age 25
by averaging the labor market earnings observed at ages 24, 25, and 26. We then convert earnings to 2019 dollars
based on the CPI.

24 Studies generally �nd that earnings around age 40 best proxy for lifetime earnings; see Haider and Solon (2006)
and Mazumder (2005).
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sample at later career ages. Accordingly, we use earnings at age 25, which we view as a reasonable

early-career measure: by that age most individuals have completed schooling and have entered the

labor market.25

Figure 2: Unconditional Item-Level Earnings Prices for All Grades and Years

(a) Prices at Ages 25, 30, & 35 (b) Rank Correlations Across Ages

Notes: Panel (a) of this �gure plots for each item (test question) administered in any grade-year the di�erence
in log earnings (at age 25, 30, and 35) between students who answered the item correctly and those who did
not. Items are ordered by the value of this di�erence. We are missing earnings data for some grade-year
combinations in which students have yet to reach 30 and 35 years of age by 2019. This explains di�erences in
sample size between item-level prices at age 25, 30, and 35. Panel (b) shows the correlation between the item
percentile ranks at age 25 and the corresponding percentile ranks at age 30 and 35.

To understand the implications of capturing earnings at di�erent labor-market ages, Figure 2

plots unconditional item-level earnings di�erences at ages 25, 30, and 35 for all items administered

to Texas public-school students during our period of study. Panel (a) of Figure 2 shows that: i) the

range of prices is very similar for all ages; 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.26 Panel (b)

presents the correlation between the item price ranks across ages. This plot indicates a strong rank

correlation of prices estimated at di�erent labor market ages (� = 0 :95). Thus, items that have

high (low) prices for earnings at 25 continue to have high (low) prices at ages 30 and 35. Given

these results, throughout the paper, our preferred speci�cation uses earnings data at age 25.

3.3 Item Characteristics Data

Item-level information included in the Texas ERC data is limited to the item's broad learning

objective, its subject (math or reading), and its position in the test. Thus, we supplement these

data in three di�erent ways. First, we collect and digitize documentation on the test booklets

used for each grade-year in our sample to recover information on the actual content of each item.

Second, we use the content of each item to map it to the taxonomy of skills speci�ed by the Common

25 See Appendix A.2 for additional discussion of our earnings de�nition and choice of earnings age.
26 At age 25, we have a broader coverage of earnings data, with a match rate of 71.5%. If instead, we capture

students at age 30, our average match rate falls to 52.9%. Finally, at age 35, we lose a substantial amount of data.
This is mostly driven by the fact that most students in our testing sample had not yet turned 35 by 2019.
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Core State Standards (CCSS). Finally, we recover psychometric parameters (e.g., item di�culty

and discrimination) for each question via the estimation of a standard 3PL 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 online following each year's test administration cycle |

which were subsequently removed from its website. Using the Internet Archive's Wayback Machine,

we are able to recover 76% of the test booklets for the years 1996{2002.27

With the booklets in hand, we extract item-level information from the PDFs in a multi-step

process. First, each assessment PDF is systematically split into its respective math and reading

sections using a document segmentation approach. Following this, each section is segmented at the

page level and converted to PNG format to ensure compatibility with downstream processing tasks.

These images are then used as inputs for OpenAI's GPT-o3 model to perform Optical Character

Recognition (OCR) and extract textual content. Through an API call with a prede�ned prompt,

GPT-o3 generates structured JSON outputs containing two distinct data types: items and passages

(for reading).28

We then evaluate the quality of the digitization separately for items without images (86.5% of all

items) and items with images (13.5% of all items). We found very high accuracy for the imageless

group (97% accuracy), but we found lower accuracy for items with images. To address this, two

research assistants manually checked and corrected all items with images. This procedure yields

a digitization accuracy rate of 97.4%.29 In the fourth and �nal step, we convert the information

from each test item into a structured text �le with a prede�ned template suitable for embedding

generation. We do so by following a similar structure to Du et al. (2024). The exact template is

presented in the Online Appendix.

3.3.2 Common Core State Standards Initiative

We use the digitized content of items to link them to the taxonomy of skills de�ned by the Com-

mon Core State Standards (CCSS). In 2010, the National Governors Association and the Council

of Chief State School O�cers sponsored the Common Core State Standards Initiative with the goal

of creating clear and consistent grade-level standards in English Language Arts (ELA) and Mathe-

matics. These standards were drafted via work groups composed of policymakers, researchers, and

27 Table A.4 displays the availability of test booklets.
28 The output includes item-level attributes such as: item number, item stem, item image indicator, and item image

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

29 Accuracy rates for items without images are estimated from a review of a random sample of 100 questions out of
3,077 total such items. Accuracy rates for items with images are estimated from the full set of questions with images
in our sample. See Figure A.2 for examples of question types and image positions.
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educators in K{12 and higher education.30

Crucially for our purposes, the CCSS were written as outcome expectations rather than a pre-

scribed curriculum, which makes them useful as a descriptive \skill language" for characterizing

the skill demands of each item. This is especially valuable in our setting because the TAAS meta-

data provide only coarse objective labels that do not vary by grade, whereas the CCSS o�er a

�ner-grained and hierarchically structured set of competencies by subject that can be used to sum-

marize the skills needed to answer the item in a more interpretable way. Our �nal dataset of

digitized CCSS standards includes 613 standards for both reading and math across grades 3{12.31

3.3.3 Psychometric Properties of the Items

In addition to the text of the items, we also consider whether and how traditional psychometric

item characteristics relate to b
 : Using the IRT routines built into Stata, we recover item-level

estimates of di�culty and discrimination assuming a three-parameter logistic IRT model (\3PL

model").32 The average item on these TAAS exams is fairly easy, with most items having negative

estimated di�culties. 33 This is also re
ected in the correct response rates in Table 1, 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 pro�ciency in academic skills expected

of all students and are thus not targeted toward the top of the achievement distribution.34

4 Estimation of the Item Prices ( b
)

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 vector
 : We

30 The 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.

31 The math standards can be found here. The reading-ELA standards can be found here. The Online Appendix
presents the full list of standards, along with a short description of the skill used for exposition purposes. See NGA
Center and CCSSO (2010) for the full standard/skill description.

32 The 3PL IRT model speci�es the probability of a correct response as: P (D = 1 j � ) = c+ (1 � c) � 1
1+exp[ � a ( � � b)] ,

where a is the discrimination parameter, b is the di�culty parameter, c is the guessing parameter, and student
latent ability � � N (0; 1). Di�culty and discrimination IRT parameters can be proxied by percent-correct and
the correlation of the item response to the total score, respectively. Figure A.3 presents the correlation of the
IRT parameter estimates with these proxies. We estimate discrimination and di�culty 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 the starting values for the estimation of the 3PL model. For all
subject-grade-year combinations that had not initially converged, this process solved convergence issues.

33 Given the normalizations of the 3PL model, a negative di�culty corresponds to a question that di�erentiates
most e�ectively between test-takers with below-average achievement.

34 To be clear, even an \easy" test can still di�erentiate between high-performing students, albeit less e�ciently
than a test targeted towards the upper end of the achievement distribution. As an example, consider an exam where
all items have di�culty = -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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then show the robustness of our estimates of
 to alternative model speci�cations.

4.1 Estimating b
 by Ordinary Least Squares

We focus in this paper on log earnings of individuali at age 25 as our long-run outcome of interest

(Si ), although the methodology could be straightforwardly applied to other outcomes. In our

baseline approach, we suppose that log earnings are linear in item responses and possibly student

demographicsX : In other words, we assume thatf as de�ned by equation (2) is linear. For each

grade-subject-year, we thus estimate via OLS regressions of the form

ln(earnings) = D 0W + X 0� + ": (6)

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

b
 = cW OLS : (7)

We cluster the standard errors at the school level. The additively separable linear speci�cation

in equation (6) amounts to the assumption that the item responses do not interact with each

other or with student demographics. That is, an item is required to have a constant price that is

independent of the student's demographics and of other tested items.

Price invariance with respect to demographics can be justi�ed both empirically and with ref-

erence to the construction of the achievement tests themselves. First, empirically, we �nd similar

estimates of 
 within di�erent demographic groups. Speci�cally, we consider alternative models,

including a fully interacted model with race through sample splitting. For these alternative mod-

els, Table C.1 shows that we can rarely reject the null hypothesis that the individual item prices

estimated controlling for demographics in di�erent ways are equal. Second, because the TAAS

exam was designed to provide a reliable measure of basic academic skills pertaining to a �xed 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 Appendix A.1, the

TAAS items were carefully vetted for di�culty, content/curriculum alignment, and cultural/racial

bias by experienced Texas educators. Thus, a student's item responses likely re
ect her skills more

so than skill-irrelevant aspects of her background.

Linearity and additive separability across the items are perhaps less obvious assumptions. How-

ever, as we show below, such models produce very similar item-anchored achievement and
 es-

timates as models that allow for item-item interactions. Moreover, a series of Monte Carlo simu-

lations, presented in Appendix C.1, suggests that linear, additively separable models will often do

quite well in realistic scenarios without \too many" item-item interactions.

In detail, the Monte Carlo experiments in Appendix C.1 generate item-response data in a real-

istic way by assuming a 3PL IRT model but allowing for outcomes to be determined by items and

item interactions. These experiments reveal that the OLS estimates of
 are approximately unbi-

ased across a wide range of data-generating processes (di�erent IRT parameters, item prices, and
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interaction speci�cations). Moreover, the OLS estimates have very similar RMSEs as lasso models

that include the correct order of item interactions in the feature set (e.g., two-way or three-way),

and generally outperform random forest models in terms of bias (though not always in terms of

RMSE).

In interpreting the strong performance of linear OLS in these Monte Carlo experiments, recall

from equation (3) that ! m is the increment in the expected outcome from a correct response to

item m averaging over the population distribution of responses to the other items. When item-item

interactions are present, ! m will not equal the coe�cient on m in the correctly speci�ed model.

Instead, it will combine that \main" e�ect along with \secondary" e�ects operating through the

other items interacted with it. Crucially, bwm ; the OLS coe�cient for item m in the linear model,

will absorb the same secondary e�ects. Thus, althoughbwm will be asymptotically biased for the

main e�ect, this \bias" can push the estimate towards our target estimand ! m rather than away

from it. Indeed, in a simple case with two independent items, the misspeci�ed linear coe�cient

identi�es ! m exactly.35

We thus assume linearity/additive separability in our baseline estimates, as this speci�cation

comes with a number of substantial bene�ts. First, linear models are very simple and fast to

estimate. Second,b
 can be extracted from the �tted model immediately as the coe�cient vector

of the items. Third, such models allow for the straightforward estimation of V ( b
 � 
 ) because

the sampling covariance matrix for OLS estimates is readily recoverable. Finally, the resulting

estimates b
 have the straightforward and familiar residual regression interpretation thanks to the

Frisch{Waugh{Lovell theorem.

4.2 Controlling for Demographics

Our preferred interpretation of b
 is that it is a vector of item prices that themselves re
ect \skill

prices" { the labor market value of the skills assessed by the items. We thus want to control for

non-skill factors that a�ect the level and distribution of earnings. We also want to control for

confounders { factors that are correlated with both item responses and later-life earnings. This

is precisely why we includedX , which denotes demographic variables and other non-achievement

controls, in equation (6).

We include in X commuting zone �xed e�ects in our preferred speci�cation to account for

di�erences in the local labor markets that our test-takers have easy access to.36 Commuting zone

�xed e�ects allow us to compare students with similar labor market opportunities who have di�erent

35 Suppose the true model is S =  0 +  1D 1 +  2D 2 +  12 D 1D 2 + " with D 1 ? D 2 . If the researcher erroneously
estimates a linear model in D 1 and D 2 alone, independence implies that the linear projection of the omitted regressor
D 1D 2 onto (1; D 1 ; D 2) places coe�cient E[D 2 ] on D 1 : Thus, the omitted-variable formula gives plim bw1 =  1 +
 12 E[D 2 ]. But this is exactly ! 1 under equation (3): the expected return to answering item 1 correctly, averaged
over the distribution of D 2 . This exact equivalence relies on the independence of the item responses. With many,
correlated items, plim bwm and ! m will generally not coincide exactly, but the divergence will be small when pairwise
correlations among item responses are modest and response rates are broadly similar across items|consistent with
the Monte Carlo results in Appendix C.1.

36 Economic opportunities are quite di�erent 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 3: Estimated Item Prices for Di�erent Anchor Model Speci�cations

(a) Distribution of b! : Di�erent f (�) Speci�cations (b) Rank Scatter Plots: b! main
rank vs. b! alternative

rank

Notes: Panel (a) of this �gure plots the distribution of f b! m g for di�erent anchor model speci�cations. Panel
(b) shows the correlation between the grade-year item-price ranks of our main speci�cation and the grade-year
item-price ranks of various alternative speci�cations. A local polynomial �t is added in an orange solid line
with 95% con�dence intervals in gray. The black dashed line represents the 45-degree line. Item-price rank-rank
correlations are reported in the top left corner.

item response patterns. We additionally include indicators for English as a Second Language

(ESL) status in order to control for labor market di�erences by cultural and linguistic background.

Finally, we account for the possibility of race and sex discrimination in the labor market, as well

as di�erential labor force participation, by including as a control a full interaction of race and sex.

4.3 Assessing and Justifying 
̂

Before delving into our primary analysis of what item features explain b
 , we �rst explore the

stability of the estimated item-price vectors across alternative estimation approaches. Panel (a) of

Figure 3 shows the distribution acrossm of the estimated item prices for several di�erent anchor

model speci�cations. Our baseline regression estimates of the item weights are robust to di�erences

in how we control for geography and race. In particular, the \County FE" estimates, f ! CF
m g, control

for county rather than commuting zone �xed e�ects in order to consider a di�erent, typically smaller,

local labor market. The \School FE" estimates, f ! SF
m g, include school �xed e�ects instead to control

for di�erences in school inputs, social networks, and any other school-level unobserved determinant

of adult earnings. Finally, the \White Males" estimates, f ! WM
m g, are derived from the subsample

of white males only | a population that is less likely to experience labor-market discrimination

and which has high labor-force participation. The resulting b
 therefore translates item responses

into predicted outcomes as they are priced for white males only (Nielsen, 2019, accepted). All

three speci�cations yield similar item-price distributions. Figure 3 also plots estimates obtained

from ridge and lasso speci�cations with the relevant penalty parameter for each model selected

via cross-validation. For both of these regularized models, the distribution of estimated item-level

prices mirrors that of our main speci�cation.

Because the item prices depicted in panel (a) of Figure 3 are estimated, some of the appar-
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ent dispersion will be due to estimation error. We assess the stability of the estimates across

speci�cations in two ways. First, panel (b) of Figure 3 plots the rank correlations between the

item prices estimated under the main speci�cation, f !̂ b
m g, and under the alternative speci�cations,

f !̂ b0

m gb02f CF,SF,WM g. Overall, these rank correlations are positive and large. However, the compar-

ison with the white-male estimates is noticeably noisier. This is likely because we estimate these

prices with only a quarter of the observations used in every other speci�cation. In our second

exercise, we run item-level statistical di�erence tests for the estimated prices across speci�cations.

We �nd that for 98.5% of items m we cannot reject H0 : ! b
m = ! WM

m at 10%. The rejection rate

is even lower comparing the county �xed e�ects estimates to our main speci�cation { we cannot

reject coe�cient equality at 10% for about 99.8% of items. We likewise fail to reject equality for

about 92.5% of items comparing our main speci�cation to the school �xed e�ects speci�cation. We

present these results in Table C.1. Thus, the estimated item prices are quite similar to each other

across speci�cations. Furthermore, a central exercise of this paper is to aggregate these item-level

prices into prices for each CCSS standard, as we detail in Section 8. Previewing those results, the

aggregation averages out item-level estimation noise, and the rank correlation between full-sample

and white-male-only CCSS prices is 0:88, with substantively identical skill-dimension regression

patterns (Section 8.7).

5 Item-Anchoring, Achievement Gaps, and Student Ranks

In the previous section, we showed that di�erent plausible anchor models and methods yield similar

item-price estimates. Moreover, we showed that the individual estimated item prices, ^! m , display

signi�cant variation: di�erent items predict adult earnings very di�erently. 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 ^! m have economically and statistically signi�cant implications for a number of relevant

empirical questions. In particular, we show that using item-anchored scores rather than 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 �ndings

in Nielsen (2019, accepted) to a new context.37

Finding 1: White-minority item-anchored gaps are larger than standard-scale gaps.

Item-anchored achievement gaps in general will di�er from gaps estimated using conventional psy-

chometric scores. First, trivially, the units will di�er { item-anchored gaps are in cardinally inter-

pretable \outcome units," while psychometric scores will be in whatever scale the test designers

construct (which may or may not be cardinal).38 Second, and more fundamentally, a mean achieve-

37 Nielsen (2019, accepted) 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, accepted), our analysis covers more recent cohorts over a wider range of grades and ages.

38 See Cunha et al. (2021) for a discussion of anchoring and cardinality for psychometric scales.
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ment gap could di�er across scales because students from one group may do particularly well or

poorly on items that are emphasized di�erently by the item-anchored and conventional psychome-

tric scales.

Figure 4: Item-Anchored Achievement Di�erences

(a) Achievement Gaps (b) Achievement Percentiles

Notes: Panel (a) of this �gure shows white-Black and white-Hispanic achievement gaps measured using log-
earnings item-anchored scores (blue bars), alongside analogous gaps using the conventional math+reading test
scale (orange bars). Gaps for both scales are reported in standard deviation units. Panel (b) plots average
given-scale math+reading score ventiles on the x-axis against the ventile-conditional means, 50% ranges, and
90% ranges of the log-earnings item-anchored scores on they-axis.

Panel (a) of Figure 4 shows the average white-Black and white-Hispanic achievement gaps for

all grades and years in our sample. Standard-scale gaps are presented in orange bars, while log-

earnings item-anchored achievement gaps are presented in blue bars.39 For comparability, both sets

of estimates are presented in SD units. In our sample, achievement gaps estimated using traditional

test scales yield an average white-Black gap of approximately 0.52 SD and a white-Hispanic gap

of 0.42 SD. These �ndings align with extensive research documenting large racial achievement

gaps, with Black students showing particularly pronounced disadvantages.40 Yet, achievement

gaps estimated using log-earnings item-anchored scores are substantially larger, at around 0.82

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 are less

likely to answer high-price questions correctly that are relatively less emphasized by the TAAS

scoring rules. These achievement de�cits are thus partly obscured by the aggregation inherent to

the TAAS scale scores. Appendix B discusses this point formally, adding details on how we deal

with �rst-stage noise in the estimates of the gaps.

39 Item-anchored gaps are adjusted for reliability at every grade-year level using the \split-half IV" method developed
in Nielsen (2019, accepted). See Appendix B for details on the method and estimation.

40 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 �nds 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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Finding 2: Anchored achievement scales rank students di�erently from given scales.

In light of the achievement gap results, a natural question is whether item-anchored scales also

reorder students relative to conventional test scores. In other words, is our achievement measure

A i just a rescaled version of the conventional standardized score? To explore this possibility, Panel

(b) of Figure 4 plots average given math+reading score ventiles on thex-axis against the ventile-

conditional means, 50% ranges, and 90% ranges of the log-earnings item-anchored scores on the

y-axis. The estimates plotted in this �gure suggest substantial variation in the item-anchored scores

even among students with very similar given scores { the ventile-conditional 90% ranges often span

two SD or more. Moreover, this variation re
ects 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 bin of the given score distribution.

6 Inside the Item: Observable Features

What di�erentiates a high-price item from a low-price one? Can we formulate hypotheses about

which skills predict long-run outcomes based on those di�erences? In this section, as well as in

Section 7 and Section 8, we explore these questions and develop the paper's central contribution.

In this section, we show how much variation in item prices can be explained by readily available

item-level characteristics, such as the subject, di�culty, and broad objectives. To assess the rela-

tionship between our estimated item-level prices and standard item-level characteristics we estimate

simple item-level OLS regressions of the form ^! m = R 0
m � + "m : We weight observations by the

inverse of the variance of ^! m to account for �rst-stage estimation error (Hanushek, 1974, Hedges

and Olkin, 2014).

Figure 5 presents the estimated coe�cients from these regressions. The results presented in

Panel (a) indicate that math items are associated with higher log-earnings item prices. On average,

math item prices are about 1 percent higher than reading item prices. Similarly, items that occur

later in the test (have a higher question number) have higher prices. Conditional on all other

observable characteristics, the last question of a 100-question test has a predicted item price about

0.3 percent higher than the �rst. This result is in line with the research �nding high academic and

labor-market returns to student cognitive endurance (Brown et al., 2025, Reyes, 2023).

Finally, items that are more di�cult, as estimated by a 3PL IRT model, also tend to be associated

with higher log-earnings item prices.41 A one-SD increase in item di�culty is associated with

about a 0.2 percentage point higher log-earnings item price. 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 answering the item correctly and the overall test score.

Given that for each item m, the estimation of the item price conditions on the full vector of student

41 We control for the information content of each item (Fisher information) in a 3PL IRT model, which is ap-
proximately quadratic in the item's di�culty relative to the population mean. Figure D.2 presents estimates of this
regression. Including the quadratic-in-di�culty term does not meaningfully change our estimates.
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Figure 5: Relationship of Item Characteristics to 
̂

(a) Characteristics (b) Objectives

Notes: Panel (a) shows coe�cient estimates from regressions of estimated item-level prices (!̂ m ) on observable
item-level characteristics. All regressions include grade and year �xed e�ects and are weighted by the inverse
of the estimated variance of !̂ m . Panel (b) presents the same regression as Panel (a), but replaces the subject
indicator for math with subject-speci�c learning-objective indicators as designated by the State of Texas, using
\Word Meaning { Reading" as the omitted objective. Figure D.1 presents analogous results for the subset of
items for which we were able to collect text data.

item responses,D i; � m , it is not surprising that the discrimination parameter does little to explain

log-earnings item prices.

Panel (b) of Figure 5 shows the results of an analogous regression in which the math indicator

is replaced by learning-objective indicators, with \word meaning," a reading objective, as the

omitted category. These learning objectives were designated by the State of Texas. Consistent

with earlier evidence, math objectives are generally associated with higher prices on average than

reading objectives. Among reading objectives,\text summarization" has the highest estimated

price, similar in magnitude to the lowest-price math objectives. Moreover, di�erent objectives are

often starkly di�erent from each other in average price. However, high prices are not concentrated

in a single objective.

7 Inside the Item: Item Text Embeddings

This section tests whether the language of the item contains information about item prices beyond

the psychometric features and test metadata presented in Section 6. One of the key distinguishing

features of our setting relative to prior research is that we have digitized item texts. Here we

demonstrate that these item texts contain information useful for explaining b
 above and beyond

the psychometric and test metadata characteristics already considered, and thus provide substantial

scope for the item texts to improve our understanding of the item prices.

Formally, we estimate the sample analogue of equation (5) by relatingb
 to the non-text item

characteristics R and the matrix of item-text embeddings E: Our basic approach is to compare the

�t of this model to that of a restricted model that uses only psychometric item characteristics and
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test metadata | that is, a model in which we use only R (or subsets ofR ) and excludeE:

Text representation. In order to implement this procedure, we must �rst convert the item texts,

which are high-dimensional, into lower-dimensional numeric data amenable to quantitative analysis.

We accomplish this through a text embedding: a function, implemented by a pretrained neural

network, that maps an arbitrary piece of text to a �xed-length numerical vector. These vectors are

trained so that texts with similar meaning are mapped to nearby points in the embedding space,

providing a continuous measure of semantic similarity between any two pieces of text. We provide

further details about the embedding model in Section 8.2.42 We denote the embedding for itemm

by Em .

Prediction model and evaluation. We estimate b
 ML = ĝ(E) 
exibly using �ve-fold cross-�tting

and a neural network (NN).43 To illustrate the incremental information contained in item text, we

compare and show two sets of regressions of our estimated vectorb
 on: i) only non-text observables,

R ; and ii) R and ĝ(E), thereby including all the information on the item text embeddings, E.44

Figure 6 presents the out-of-sample (OOS)R2s for our NN model for di�erent sets of predictors

in R both with and without the text embeddings included as additional predictors. Because b


is estimated in a �rst stage, we adjust the reported R2 values to subtract variation due solely to

�rst-stage estimation error; see Appendix E for the derivation and Figure E.1 for implementation

details.45

Results. Figure 6 reports out-of-sampleR2 for several predictor sets drawn fromR (subject,

learning objective, item position in the exam, IRT di�culty, and IRT discrimination) with and

without embeddings. It reveals two key �ndings.

ˆ Incremental explanatory power of text. Including the text embeddings Em consistently

increases the OOSR2 { roughly 20-50% of the baseline that uses onlyR . The boost is similar

for di�erent non-text predictor sets, suggesting further that the information captured by the

text embeddings is not well explained by standard psychometric item characteristics such as

42 See Reimers and Gurevych (2019) for a general introduction to text embeddings and Muennigho� et al. (2023)
for the Massive Text Embedding Benchmark (MTEB) used to evaluate embedding models.

43 We assessed multiple other ML models, including XGBoost, random forests, nearest neighbor, etc., but in every
case, (i.e., with every predictor set we considered) NN performed similarly (in the case of XGBoost) or better than
the other models. We estimate the NN models via cross-�tting with �ve folds { each fold contains a random subset
of items (Chernozhukov et al., 2018). We assess the OOS performance for each left-out fold, and the �nal prediction
model is the ensemble of these. See Appendix G for details of the implementation.

44 Notice that we are essentially modeling b
 ML as a semiparametric model, with b
 ML = ĝ(R ; E) = � 0R + ĝ(E).
This assumption is not very important for the substantive conclusion here presented, so we choose it for ease of
exposition.

45 In summary, because each item weight is estimated via cross-�tting, we treat the ML predictor for item m as
�xed with respect to the �rst-stage estimation error, conditional on 
 (Chernozhukov et al., 2018, Bach et al., 2024).
This allows for a straightforward correction to R2 which removes the variation in b
 coming from estimation error
which should not itself be explainable by the item texts or other factors.
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Figure 6: Item Text Embeddings Add Explanatory Power for Item Prices

Notes: Out-of-sample R2
corrected (sampling-error corrected; see Appendix E) for nested OLS speci�cations pre-

dicting the age-25 log-earnings item prices. Blue circles are model �t without the neural-network embedding
prediction; orange triangles include it. Embeddings are Qwen3 (raw question + chain-of-thought-extracted
skills, instruct mode); the prediction model is a precision-weighted neural network with hyperparameters se-
lected by random search. Across all �ve predictor sets, adding the embedding prediction increases explanatory
power. The embedding prediction is never shown on its own in this �gure|each speci�cation adds it to a set of
item observables. The standalone out-of-sampleR2

corrected = 0 :28 for our main-speci�cation b
 : See Figure E.1
for this and other embedding-only R2s. Figure F.1 reports the same comparison using ridge + PCA as an
alternative ML estimator, yielding qualitatively identical patterns.

di�culty, discrimination, and learning objective. 46

ˆ Most variation remains unexplained. Only a relatively small share of the variation in b


is explained by any of these factors, with the correctedR2s never exceeding 0.42. Moreover,

the non-embedding features of the items (di�culty, subject, etc.) explain even less|about

20-35% of the total variation depending on the control set. Thus, high-price items are not

simply di�cult and discriminating items. Most of the variation in the item weights is not

explained by any features we observe.

These results establish that item text carries economically relevant information about item

prices, and they motivate the standards-based analysis in Section 8, which seeks an interpretable

decomposition of that information into recognizable skills.

8 Inside the Item: Standards-Based Skill Mapping

The embedding results in Section 7 show that item language helps explain item prices, but the

mapping from text embeddings to item prices is di�cult to interpret. This interpretability problem

is compounded by the fact that the variables analyzed in Section 6 are either psychometric/meta-

data characteristics that are di�cult to interpret as skills, such as di�culty and discrimination, or

are too coarse to identify speci�c skills, such as broad learning objectives like \Number Concepts."
46 Regressing the NN text-based predictions bg(Em ) on observable item characteristics con�rms this: the largest

loading is on the math indicator, with item di�culty and item position carrying smaller but statistically distinguish-
able coe�cients, while item discrimination is indistinguishable from zero. The magnitudes of the di�culty, position,
and discrimination loadings are roughly an order of magnitude smaller than the math loading. Figure F.2 reports
the full set of coe�cients.
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To obtain a more interpretable skill-level decomposition of the item prices, we develop and

implement a text-based mappingfrom items to the Common Core State Standards (CCSS) and

estimate \skill prices" that summarize the price associated with each CCSS skill. As mentioned

in Section 3.3.2, the CCSS provides a �ne-grained skill taxonomy that is actionable and granular

enough to identify the speci�c skills that are predictive of later earnings. Our mapping proceeds in

three steps, which we detail below.

8.1 Step 1: Skill Extraction

For each digitized test item, we prompt two large language models, one open-source chain-of-

thought (Qwen 3-8B) and one closed-source (OpenAI's o3), to return a structured description of

the item's cognitive demands.47 In particular, we ask for the skills required to answer the item,

the reasoning steps a student would follow, and needed prerequisite knowledge. We ensure that the

model receives only the digitized item text in the prompt { no grade label, no curriculum reference,

and no CCSS skills { so the extracted skills are agnostic to any standards framework. This yields

a short text summary per item consisting typically of about three required skills, four reasoning

steps, and three prerequisite skills, which characterizeswhat the item tests rather than what the

item says.48

8.2 Step 2: Text Embeddings

We next embed the skill descriptions from Step 1 and the full text of each CCSS skill using Qwen3-

Embedding, a dedicated open-source embedding model based on a chain-of-thought equivalent

generation model.49,50 By embedding the LLM-extracted skill descriptions rather than the raw

question text, we focus the comparison on cognitive demands rather than surface-level question

language. This is important because the CCSS entries are skill-based; we thus translate the items

into the kinds of skills that can be plausibly matched to the CCSS taxonomy.

Following Su et al. (2023) and Muennigho� et al. (2023), we add the instruction \ represent the

cognitive skills and knowledge a student needs to answer it correctly," so that the resulting vec-

tors emphasize skill demands rather than surface-level question language. CCSS skill descriptions

47 We use OpenAI's o3-2025-04-16 with high reasoning e�ort and Qwen3-8B with chain-of-thought reasoning.
Both prompts are reproduced verbatim in Section 2 of the Online Appendix.

48 This skill-extraction step is distinct from the digitization described in Section 3.3.1. Digitization recovers the
item text from scanned booklet images; skill extraction takes that text as input and produces a structured cognitive
pro�le of each item. The digitized item template fed into Qwen3 is documented in Section 1.1 of the Online Appendix.

49 The Qwen3-Embedding (Zhang et al., 2025) is an 8-billion-parameter model purpose-built for text embedding,
which maps each input text to a vector of 1,024 real numbers. The model supports Matryoshka Representation
Learning (Kusupati et al., 2022), which trains the model so that the leading components of the embedding vector
capture the most important semantic information.

50 Although it is possible to use embeddings from generative LLMs, like the Llama family, general-purpose lan-
guage models such as these are designed to generate text rather than embed already-existing text. Instead, we
use a dedicated embedding model, which is trained speci�cally to produce vectors that preserve semantic similar-
ity, and which consequently achieves substantially higher scores on standard retrieval and matching benchmarks.
Qwen3-Embedding-8B scores 70.58 on the MTEB multilingual benchmark, compared to roughly 65 for LLM2Vec
(BehnamGhader et al., 2024), an approach that repurposes a generative language model as an encoder.
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are embedded without a pre�x, following the asymmetric query-document convention standard in

information retrieval. 51

Figure 7 illustrates the overall 
ow from a scanned test booklet, through digitization of the item

text, to the �nal numerical embedding. Figure 8 projects the item embeddings into two dimensions

via the Uniform Manifold Approximation and Projection (UMAP) method (McInnes et al., 2018).

Math (blue) and reading (orange) items occupy clearly distinct regions of the embedding space,

illustrating that the embeddings capture subject-level semantic structure.

Figure 7: From Test Item to Skill Price

Item Digitized Item

Required Skills:
{ Calculate the area of a rectangle
{ Multiply two-digit numbers
{ Interpret visual representations
of measurements
{ Determine dimensions from grid
Reasoning Steps:
{ Identify number of squares along
horizontal & vertical axes of grid
{ Multiply number of squares in
each direction to calculate area
{ Match area with answer choice
Prerequisite Knowledge:
{ Understand: area is l � w
{ Recognize: each square repre-
sents 1 sq ft
{ Basic multiplication facts to 20
{ Ability to count squares in a grid

LLM Extracted Skills

~! j

Cosine similarity
Cm;j

Softmax
weights wm;j

Qwen3-Embedding
Model

CCSS de-
scriptions

Skill Embedding ( Em )

CCSS Embedding

CCSS
price

Cosine
Similarity

Chain of Thought
Embedder

CCSS descriptions

Notes: The �gure illustrates the pipeline from a test item to a CCSS skill price. An LLM identi�es the skills
needed to solve each digitized item. Both item skills and Common Core State Standards (CCSS) descriptions
are embedded, cosine similaritiesCm;j produce softmax weights wm;j , and these yield the price ~! j .

8.3 Step 3: Cosine Similarity

With embeddings for both the item-level skills and the CCSS skills in hand, we measure the semantic

proximity of each item to each CCSS skill via cosine similarity. Let Em be the embedding of the
51 Instruction-pre�xed embedding prepends a short natural-language directive to the input before encoding, di-

recting the model to foreground task-relevant information. Models �ne-tuned with instruction pre�xes substantially
outperform their non-instruction counterparts across nearly all MTEB task categories, with especially large gains on
retrieval tasks. See Su et al. (2023), Muennigho� et al. (2023).
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Figure 8: Embeddings Di�erentiate Math and Reading

Notes: The �gure shows the two-dimensional representation of the embedding coordinates by the UMAP
method.

skill description for item m, and let V j be the embedding of CCSS skillj . The cosine similarity

between these embeddings is

Cm;j =
Em � V j

kEm k kV j k
: (8)

That is, cosine similarity is de�ned as the normalized dot product of the embedding vectors. Ge-

ometrically, Cm;j = cos(� m;j ); where � m;j is the angle between the two vectors in the embedding

space. Two embeddings have high similarity whenever they \point" in the same direction. Cosine

similarity has been shown to provide a good summary of semantic similarity between the texts

associated with the compared embeddings.52 Let C denote the M � J matrix of cosine similarities

{ C thus connects each item to each CCSS skill, with the magnitude and sign ofCm;j determining

the \strength" of the item-to-CCSS match. 53 Figure 9 illustrates the item-to-CCSS match with

the sample example item used in Figure 7. The rightmost panel lists the seven most similar CCSS

skills to this item according to the estimated cosine similarity, Cm;j .

8.4 Step 4: De�ning Skill Prices

For a given CCSS skill, we de�ne

~! j =
X

m

wm;j � !̂ m ; where wm;j =
exp(� � Cm;j )

P
m0 exp(� � Cm0;j )

: (9)

In words, ~! j attributes to CCSS skill j a weighted average of all item-level prices, where the

weights follow a multinomial logit (or \softmax") kernel (McFadden, 1974). The scale parameter

� controls how sharply the weighting discriminates between good and poor matches: a higher�

52 See Ramanujam et al. (2025), BehnamGhader et al. (2024), Thirukovalluru and Dhingra (2025), Schakel and
Wilson (2015).

53 Note that Cm;j 2 [� 1; 1] always.
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