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Abstract

This paper applies machine learning techniques to classroom transcripts of
mathematics instruction to predict and understand teacher value-added. Us-
ing data from approximately 300 U.S. elementary school teachers, I show that
transcript embeddings predict value-added better than observable teacher char-
acteristics, including classroom observation scores, explaining an order of
magnitude more out-of-sample variation. I present evidence suggesting these
predictions could improve personnel decisions and student outcomes. I then
identify specific instructional features associated with value-added, such as
the use of student teamwork. Finally, I examine human evaluators’ predic-
tions of value-added and find suggestive evidence of errors in their weighting
of instructional practices.
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1 Introduction

A substantial body of evidence has demonstrated that individual teachers have meaning-
ful, quantifiable effects on K-12 student outcomes (e.g., Rockoff 2004; Rivkin et al. 2005;
Kane and Staiger 2008; Chetty et al. 2014a; Chetty et al. 2014b; Jackson 2018). Given the
importance of individual teachers, much effort has been made to identify characteristics
of teachers and their teaching that predict gains in student achievement, both to help
schools make important personnel decisions (i.e., whom to hire and to whom to grant
tenure) and to inform teacher training curricula (Hanushek 1971; Hanushek et al. 2005;
Hill et al. 2005; Kane et al. 2008; Boyd et al. 2009; Staiger and Rockoff 2010; Harris and Sass
2011; Araujo et al. 2016; Bau and Das 2020). Yet across the multitude of studies aiming to
do this, researchers have consistently been able to explain only a relatively small amount
of the variation in teacher value-added (Hanushek 2011; Jackson et al. 2014; Lovenheim
and Turner 2017).1 Many of these studies include as predictors of teacher quality not only
basic information like teacher education and experience but also variables like teacher
IQ (e.g., Araujo et al. 2016), personality traits (e.g., Rockoff et al. 2011), and content knowl-
edge (e.g., Bacher-Hicks et al. 2018).

Given the inability of this wide range of variables to explain much of the variation
in teacher value-added, several large-scale projects were launched in the early 2010s to
gather videos of teachers’ instructional practices and score these classroom observations
according to rubrics created by education researchers (e.g., the Classroom Assessment
Scoring System developed by La Paro and Pianta (2003)). In principle, these observations
should reveal what makes some teachers more effective in the classroom than others. In
practice, however, measures of classroom instruction derived from video observations
are often less correlated with teacher value-added than are other predictors, leading some
researchers to conclude that “the search for predictors of teacher effects may proceed
more fruitfully along other pathways” (Bacher-Hicks et al. 2018).

Though the human-scored classroom observations have shown limited ability to pre-
dict teacher value-added, the raw classroom data may nonetheless contain information
relevant to understanding the determinants of effective teaching. Human evaluations of
the classroom data can only capture the dimensions of effective teaching already known
by researchers, but there may be additional aspects of effective teaching not incorporated

'Hanushek notes that “literally hundreds of research studies have focused on the importance of teach-
ers for student achievement,” yet “it has not been possible to identify any specific characteristics of teachers
that are reliably related to student outcomes.” Jackson et al. argue that “observable characteristics are un-
likely to be able to predict most of the variation in teacher effects.” Lovenheim and Turner state that “we
know very little about how to find high-value-added teachers using their observed characteristics.”



in existing theories. Supervised machine learning techniques have proven useful in iden-
tifying patterns overlooked by human expertise and theories across a wide variety of set-
tings in the social and natural sciences, from judge bail decision prediction (Ludwig and
Mullainathan 2024) to early breast cancer detection (McKinney et al. 2020) to earthquake
aftershock forecasting (DeVries et al. 2018). Applying these techniques to classroom data
could thus reveal important aspects of effective teaching that are missing from human
evaluations.

In this paper, I investigate this possibility using data from the National Center for
Teacher Effectiveness (NCTE) Main Study, which studied 317 teachers in four large urban
school districts in the U.S. from 2010 to 2013 (Kane et al. 2015). I observe a rich set of in-
formation about each teacher, including their educational history, teaching experience,
content knowledge, and classroom observation scores from mathematics lessons. In ad-
dition to the classroom observation scores, I also have the raw transcripts from the class-
room observation videos (Demszky and Hill 2023). Finally, I have estimates of teachers’
value-added on students’ state math test scores, computed by conditioning on prior-year
test scores and student and peer characteristics.

I represent each classroom transcript in a low-dimensional embedding space using a
text embedding algorithm from OpenAl. This algorithm can represent complex features
of teachers’ instruction that may matter for student learning but that may not be well rep-
resented by a simpler representation, such as the output of a bag-of-words model. I then
fit a penalized linear model to learn the relationship between the transcript embeddings
and teacher value-added on state math test scores. I separately fit a model to learn the re-
lationship between the wide set of traditional “structured” variables, which includes the
human-generated classroom observation scores, and teachers’ value-added.

The out-of-sample predictions formed from the transcript embeddings explain over
10 percent of the variation in shrunken value-added estimates and over 5 percent of the
variation in unshrunken estimates out of sample, an order of magnitude more than the
predictions formed from the structured data. To put these magnitudes in context, the
transcript-based predictions explain roughly one-third as much variation in unshrunken
value-added as does a prior-year value-added estimate itself. This predictive relationship
persists across a variety of alternative modeling choices. Moreover, in a smaller sample of
teachers randomly assigned to classroom rosters in the final year of the NCTE Main Study,
the estimated relationships between predictions formed using pre-random-assignment
transcripts and student achievement are positive, although the estimates are imprecise.
This provides suggestive evidence that the predictions capture persistent differences in
teacher effectiveness rather than merely nonrandom student sorting.



The value-added predictions derived from the transcript embeddings may be useful
in their own right, as the personnel decisions school districts face require making pre-
dictions about teacher quality and are thus examples of “prediction policy problems”
where improved predictive ability could yield considerable benefits (Kleinberg et al. 2015;
Chalfin et al. 2016).2 I consider two policy-relevant applications in which more accurate
value-added predictions could be useful. The first is teacher hiring. Improving the qual-
ity of teachers hired has the potential to improve student outcomes substantially, in part
because effective hiring decisions allow schools to avoid the costs of ineffective teachers
(Staiger and Rockoff 2010). To help inform these consequential decisions, many districts
include a mock lesson as part of their hiring process, often with real students.3 I ask
whether applying my value-added prediction method to this demo lesson could mean-
ingfully improve the quality of teachers hired. As a proof of concept, I simulate hiring
from the sample of teachers in the NCTE Main Study and compare two hiring policies:
one policy that selects teachers based on value-added predictions formed using all “struc-
tured” information observable at the time of hire, including human evaluations of one
lesson, teacher experience, and a measure of teacher content knowledge, and a second
policy that selects teachers based on predicted value-added formed using the transcript
embedding from the same single lesson. I show that, relative to the first policy, using the
transcript embeddings for teacher selection could indeed improve the quality of teach-
ers hired. For example, if a school district aimed to hire the top 50% of teachers, select-
ing this set of teachers using the second policy would increase mean value-added among
the hired teachers by approximately 0.25 standard deviations relative to the first policy.
A back-of-the-envelope calculation using the estimates of the economic value of higher
teacher value-added from Chetty et al. (2014b) implies that this improvement would in-
crease cumulative lifetime earnings by approximately $9,692 per student taught by those
teachers for one school year. Importantly, this approach assumes that the information
in demo lessons is as predictive of teacher value-added as is the information in lessons
taught by incumbent teachers. Although I am able to offer some suggestive evidence in
support of this assumption—showing that the results are similar across novice and more
experienced teachers and across fall and spring lessons—it is not directly testable, and so
these results are best viewed as a proof of concept that invites further study.

A second policy-relevant use of these value-added predictions is in predicting future
effectiveness after observing a teacher in a classroom for a small number of years, which

%Indeed, Kleinberg et al. (2015) cite teacher value-added prediction as an “illustrative example” of the
“prediction policy problems” they write about.

3Jacob et al. (2018) review the literature on teacher hiring processes and report that the fraction of
districts using sample lessons ranges from 15% to 50% depending on the particular survey.
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may be useful for informing teacher tenure decisions (Goldhaber and Hansen 2010; Chalfin
et al. 2016). Past work, including Cantrell and Kane (2013) and Araujo et al. (2016), has
generally found that classroom observation scores are not significant predictors of future
value-added once one observes an estimate of past value-added. I show that applying my
algorithmic approach, rather than the traditional human approach, to evaluating teach-
ers’ performance in the classroom changes this: predictions formed from the transcript
embeddings from the first two years of the NCTE Main Study predict student achievement
and value-added in the final year, even controlling for estimated value-added in the first
two years. These results suggest that the value-added predictions formed from the tran-
script embeddings could play a useful role in teacher retention decisions—though, natu-
rally, their value decreases as one observes value-added estimates from a larger number
of years.

Beyond pure prediction, one may wish to understand what features of the classroom
transcripts represented by the black-box embedding algorithm are most related to teach-
ers’ value-added. To answer this question, I use sparse autoencoders (Le et al. 2012; Cun-
ningham et al. 2023; Bricken et al. 2023), which decompose embeddings into sparse, inter-
pretable features and have been proposed as a tool for hypothesis generation (Movva et al.
2025; Carlson 2026). I train SAEs to learn a dictionary of features useful for reconstructing
the transcript embeddings and aggregate each feature’s activations to the teacher level.
To identify the features most related to teacher value-added, I use integrated path sta-
bility selection (Melikechi and Miller 2025), a technique for selecting features in high-
dimensional data while controlling false discoveries, and use an open-source large lan-
guage model to generate natural-language descriptions of the selected features. This exer-
cise identifies features correlated with value-added that may warrant further study, rather
than establishing that these features causally affect student learning.

Three features stand out. The first, which describes “sitting or chairs,” typically ap-
pears when teachers are directing students’ behavior (e.g., “sit up,” “have a seat”) and
is negatively related to value-added, consistent with it serving as a symptom of student
misbehavior and weak behavior management. The second, which describes “the orga-
nization of students into specific teams or groups,’ is positively related to value-added
and corresponds to the use of structured team activities in the classroom, often in the
context of team-based academic competitions. The third, which describes situations in
which a “teacher explicitly invites a student to come up to the front of the classroom or to
the board,” is negatively associated with value-added. These relationships hold even af-
ter controlling for structured variables, including classroom observation scores, selected
by double lasso (Belloni et al. 2013). Overall, the selected features describe aspects of



teachers’ classroom management rather than mathematical content, and the teamwork
and student presentation features suggest that practices that distribute active work across
many students simultaneously are associated with student learning. These practices are
not entirely new concepts: existing research and classroom observation instruments rec-
ognize the importance of classroom management, student interactions, and eliciting stu-
dent answers. The value of the approach is instead to highlight more fine-grained prac-
tices not captured by existing observation instruments, such as structured team-based
activities or particular forms of answer elicitation.

In the final part of this paper, I explore why the information in the classroom tran-
scripts thatis predictive of teacher value-added is not better represented in standard class-
room observation instruments. The answer does not appear to be that effective teaching
depends on too many features to encode in an observation rubric: relatively sparse mod-
els fit on the SAE features outperform models fit on all classroom observation variables.
I instead focus on the possibility that the designers of the observation instruments place
too much weight on some dimensions of teaching relative to their importance for student
learning. I study this possibility using two sources of suggestive evidence. First, I take
advantage of the fact that education researchers ranked a subset of the NCTE Main Study
teachers based on the researchers’ predictions about the teachers’ value-added on math
test scores (Hill et al. 2013). I show that, when forming predictions about teachers’ value-
added, the researchers substantially overweight the importance of the “richness” of the
mathematics instruction relative to its relationship with teacher effects on student test
scores. Second, I show that, when forming holistic assessments of the quality of math-
ematics instruction in a given lesson, raters in the NCTE Main Study place substantial
emphasis on the richness of mathematics despite the fact that it is only weakly related
to value-added. This empirical evidence, combined with qualitative evidence about the
experts’ decision-making process, is consistent with the model of human judgment in
Bordalo et al. (forthcoming): educational experts may categorize the task of predicting
teacher effectiveness as a problem of identifying rich mathematics instruction, leading
them to attend to mathematical richness rather than factors related to classroom man-
agement and student engagement.

This paper makes two primary contributions. I contribute to the literature on teacher
quality by demonstrating that teacher value-added is substantially more predictable than
past work has suggested (e.g., Hanushek 2011). My results imply that teachers’ behaviors
and language use inside the classroom contain meaningful signal about their effective-
ness at raising student test scores, validating the use of classroom observations even if
the way in which these observations are traditionally conducted does not fully leverage



the information available. Additionally, my discovery of interpretable features that help
explain variation in teacher value-added provides new insights into the education produc-
tion function and suggests specific channels through which teachers may affect student
learning. Finally, whereas past work like Staiger and Rockoff (2010) has found little evi-
dence that information available at the time of hire can help school districts improve their
personnel selection, my results suggest a possible way to meaningfully improve the qual-
ity of teachers hired.* Likewise, my results suggest a way to use classroom observations
to improve the quality of predictions of teachers’ future value-added, which has gener-
ally not been possible with human evaluations of teachers’ performance in the classroom
(Cantrell and Kane 2013; Araujo et al. 2016).

This paper also contributes to a nascent literature on algorithmic hypothesis genera-
tion in the social sciences (Ludwig and Mullainathan 2024; Mullainathan and Rambachan
2024; Batista and Ross 2024; Movva et al. 2025; Liang forthcoming). I offer one of the first
applications of algorithmic hypothesis generation in the social sciences and, to the best
of my knowledge, the first application of these techniques to the question of teacher ef-
fectiveness.” Understanding the determinants of effective teaching is of great academic
and policy interest, and there has been much work examining the correlates of teacher
effectiveness (Hanushek 2011). Thus, I have a large set of human-generated hypotheses
against which I can benchmark any potential algorithmic discoveries.

The remainder of this paper is organized as follows. Section 2 describes the data I
use from the NCTE Main Study. Section 3 outlines my approach to predicting teacher
value-added using the classroom transcripts and evaluates the quality of these predictions
relative to predictions formed using the existing “structured” data. Section 4 explores
two potential policy-relevant applications of improved value-added predictions: teacher
hiring and future-value-added forecasting. Section 5 identifies interpretable correlates
of value-added used by the black-box predictor. Section 6 examines human judgments of
teacher effectiveness. Section 7 concludes.

*One of the “five facts about teacher effectiveness” presented by Staiger and Rockoff (2010) is that
“school leaders have very little ability to select effective teachers during the initial hiring process.”

SThere has been some recent work in the education literature that attempts to use natural language
processing (NLP) techniques to automate the scoring of classroom transcripts and then correlate these
algorithmically-generated ratings with teacher value-added metrics (Liu and Cohen 2021; Demszky and
Hill 2023). My project takes a fundamentally different approach. Rather than starting from theories about
what effective teaching looks like and attempting to operationalize them using NLP, I take the raw text data
as input and test whether the text itself predicts teacher value-added.
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2 Data

2.1 Background & Institutional Setting

The National Center for Teacher Effectiveness (NCTE) Main Study (Kane et al. 2015) was
a partnership between researchers and four large East Coast urban school districts that
aimed to study the relationship between instructional practices and student outcomes in
elementary school. The study was conducted over the 2010-2011, 2011-2012, and 2012-2013
school years and included 317 teachers and over 10,000 students. Blazar (2024) documents
that the teachers and students participating in the study appear similar in terms of de-
mographics to non-participating teachers and students. During the first two years of the
study, students were matched to teachers through the districts’ usual processes; in the
final year of the study, researchers randomly assigned 66 teachers to classroom rosters.°

Researchers collected student demographic data and scores on standardized tests in
math and English. Using these data, they constructed value-added estimates based on
state math and English test scores as described in Section 2.2. In addition, researchers
collected a wide range of variables related to teacher background and knowledge, as de-
scribed in Section 2.3. Finally, teachers participating in the study submitted three videos
per year of their classroom instruction in mathematics.” Trained raters then evaluated
the lesson videos according to two rubrics: the Classroom Assessment Scoring System
(CLASS) developed by La Paro and Pianta (2003) and the Mathematical Quality of Instruc-
tion (MQI) rubric developed by Hill et al. (2008). Transcripts derived from these classroom
videos are made accessible to researchers by Demszky and Hill (2023). Section 2.4 offers
more detail on these transcripts.

2.2 Teacher Value-Added Data
2.2.1 Construction of Value-Added Estimates

Kane et al. (2015) provide estimates of teachers’ causal effects on state mathematics exam
scores computed using up to five years of student test score data (the 2008-2009 school

®In the random-assignment analysis sample studied by Bacher-Hicks et al. (2019), 132 of the 316 teachers
who participated in at least one year of the study were present in the final year. Among these teachers,
about 40 percent either were not interested in participating in random assignment or taught in schools
whose leadership was not interested in participating in random assignment. Additionally, a small fraction
of teachers were not eligible for inclusion in the random assignment component of the study for various
reasons (e.g., they did not teach a class where at least five students had baseline standardized test scores).

’Teachers chose which lessons to film over the course of the year. The videos teachers submitted had
no impact on how schools evaluated or rewarded them. The average length of submitted videos is approx-
imately one hour.



year through the 2012-2013 school year) from students in schools with teachers who par-
ticipated in the NCTE Main Study.® They estimate the model
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where a; ; | ; represents the rank-based mathematics state test score for student 7 in
class j taught by teacher k during school year #; A; ;_; captures prior student performance;
S; t includes student demographics; P; ; ; represents peer influences; E; ; contains district
and grade-year fixed effects; j1; and 0; ; capture teacher and teacher-year random effects,
respectively, and ¢; ; ; ; is an idiosyncratic error term.® Kane et al. (2015) estimate this
model jointly on all years of data using Hierarchical Linear Modeling with a teacher ran-
dom effect y1; and a teacher-year random effect 0 ; nested within teacher. The resulting
estimate [1; of p is a shrunken estimate of teacher k’s value-added. Kane et al. (2015) also
estimate the model separately on individual years to construct year-specific value-added
estimates. 10

My analysis in this paper also makes use of unshrunken estimates of teachers’ value-
added, which are not provided in the NCTE Main Study dataset. To compute these un-
shrunken estimates, I estimate the model
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with p; as a teacher fixed effect.!! T also compute year-specific unshrunken estimates by
estimating Equation (2) separately on each school year’s test score data.!? Ideally, I would
compute these unshrunken estimates on the same sample used by Kane et al. (2015) to
compute the shrunken estimates so that the two sets of estimates are directly compara-
ble. However, the student test score data made available to researchers cover only the
2010-2011, 2011-2012, and 2012-2013 school years and only include students whose teach-
ers participated in the study. In practice, however, shrunken estimates computed using
the data available to me align closely with those provided by Kane et al. (2015).13 This sug-
gests, though does not guarantee, that the restricted sample produces estimates similar
to what would be obtained on the full sample.

8This includes data from students whose teachers did not participate in the NCTE Main Study.
9Please consult Appendix Section D.1.1 for more details on the specific variables in this model.
1011 this case, the teacher-year effect 0 ¢ is omitted from the model.
17 remove district fixed effects from E; ; to prevent collinearity with teacher fixed effects.
121 omit P; 1 from the model because these class and cohort characteristics are collinear with the
teacher fixed effects: each teacher teaches a single class in a given school year.
13please see Appendix Section D.1.2 for more information.



2.2.2 Validity of Value-Added Estimates

A key question is whether these value-added estimates are unbiased. Intuitively, if the
estimates are biased by student sorting on characteristics unobserved by the econometri-
cian, then attempts to predict p;, may inadvertently discover predictors of the component
of [1; that reflects the source of bias.

Following Chetty et al. (2014a), I consider two relevant notions of bias. An estimator
of teacher value-added is forecast unbiased if students randomly assigned to a teacher with
estimated value-added one unit above that of another teacher score one unit higher on
average. A value-added estimator is teacher-level unbiased if it converges to that teacher’s
true value-added as estimation error goes to zero. Unless otherwise stated, my analy-
sis assumes teacher-level unbiasedness. Teacher-level unbiasedness is difficult to assess
empirically, and almost all of the literature to date has focused on assessing the degree of
forecast bias in value-added models. It is possible to have value-added estimates that are
forecast unbiased but biased at the teacher level, but, as Chetty et al. (2014a) note, such
a case is knife-edge.!* I thus briefly present evidence on forecast bias in the NCTE Main
Study data and other similar settings while acknowledging that I cannot directly measure
the degree of teacher-level bias.

Blazar (2018) and Bacher-Hicks et al. (2019) estimate value-added models similar to
those used here using the NCTE data and find that the resulting value-added estimates
are forecast unbiased.l> Their finding is consistent with prior work showing that con-
ditioning on prior-year test scores and student demographics is sufficient to generate
forecast-unbiased value-added estimates (e.g., Kane and Staiger 2008; Cantrell and Kane
2013; Chetty et al. 2014a).16 Following a similar approach, I test for forecast bias in the
NCTE-provided shrunken estimates using the random assignment of students to teachers
in the 2012-2013 school year, as described in Appendix Section D.1.3. The results, visual-
ized in Appendix Figures Al and A2, provide no evidence of forecast bias.

2.3 Teacher Characteristics Data

Kane et al. (2015) provide detailed information about the teachers in the sample, including

%In particular, the covariance of true value-added and teacher-level bias must exactly equal the negative
of the variance of teacher-level bias.

15Bacher-Hicks et al. (2019) account for noncompliance by using the effectiveness of a student’s ran-
domly assigned teacher as an instrument for the effectiveness of that student’s actual teacher. Blazar (2018)
alternatively restricts the analysis to classrooms with little to no noncompliance and similarly finds no ev-
idence of forecast bias.

16See Rothstein (2017) and the reply by Chetty et al. (2017) for additional discussion of what one can
conclude from Chetty et al. (2014a) about bias in value-added models.
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their years of experience, educational backgrounds, demographics, and mathematical
content knowledge. Additionally, I observe the human-generated ratings from the class-
room observations on the many dimensions defined by the CLASS (La Paro and Pianta
2003) and MQI (Hill et al. 2008) instruments. The former instrument focuses on evaluat-
ing overall classroom interactions and pedagogical practices, irrespective of the subject
matter, while the latter targets specific competencies in mathematics instruction. To con-
struct classroom observation variables at the teacher level, I first average raters’ scores
within each lesson and then average these lesson means across all of a teacher’s lessons. I
also compute each teacher’s mean years of experience for the years in which they appear
in the data.

Because some variables are missing for a sizable fraction of teachers, I focus on the set
of teacher characteristics with fewer than 5% missing values among the set of teachers
with value-added scores, and I additionally include teachers’ mean years of experience.
There are 59 such characteristics, which are listed in Appendix Section D.2. Appendix
Table D2 presents summary statistics for a subset of these variables on the sample of 278
teachers for whom none of these variables are missing.!’

I also generate indices corresponding to broad categories of items measured during
the classroom observations.!8 These categories are Emotional Support, Instructional Sup-
port, Classroom Organization, Student Engagement, Math Richness, Working with Stu-
dents, Errors and Imprecision, and Student Participation in Meaning-Making and Rea-
soning. The first four indices are derived from the CLASS items, while the last four in-
dices are derived from the MQI items. Appendix Table D3 identifies the individual items
used to construct each index. For ease of interpretation, I take the negative of the “Errors
and Imprecision” index and call this “Mathematical Precision.”

2.4 Teacher Transcript Data

Demszky and Hill (2023) provide transcript data for a total of 1,660 mathematics lessons
from 317 distinct teachers. For the vast majority (approximately 90%) of teachers, I ob-
serve at least three transcripts, and for some teachers, I observe as many as 11 tran-

7Rather than reporting summary statistics for each classroom observation category, I instead report
summary statistics for the whole-lesson MQI score, which reflects raters’ assessment of the overall quality
of the lesson.

18To form each index, I standardize the component variables at the lesson level, take the first principal
component of the corresponding variables, orient it so that its average loading on the underlying items is
positive, standardize the resulting lesson-level principal component scores, and then average these scores
across a teacher’s lessons.

10



scripts.!® Appendix Figure D1 presents the first 30 rows of the transcript data as prepared
by Demszky and Hill (2023). To convert these data from their original “utterance”-level
format into one long piece of text per lesson, I iterate through “utterances” and concate-
nate the speaker label, a colon, and the utterance itself.20

3 Predicting Teacher Value-Added

I now turn to predicting teachers’ value-added on students’ state math test scores, first
using the classroom transcripts (Section 3.1) and then using the traditional “structured”
data (Section 3.2). Let yEB denote teacher k’s shrunken (empirical Bayes) estimate of math
value-added and yIZE

added.

denote teacher k’s unshrunken (fixed effect) estimate of math value-

3.1 Predicting Value-Added from Classroom Transcripts

Iuse OpenAlT’s text-embedding-3-large embedding algorithm to form numerical represen-
tations of the classroom transcripts that I then use to predict value-added on state math
test scores.?l Because many classroom transcripts exceed the embedding model’s 8,192
token limit, I split each transcript into sequential segments of up to 8,192 tokens (without
splitting utterances) and represent each resulting segment s as a vector X; € R3072 using
the embedding algorithm.

For each teacher k, I use the embeddings from all teachers except k as vectors of co-
variates in a ridge regression model. For a transcript from teacher { # k in year ¢, the out-
come being predicted is the inverse-variance-weighted average of teacher {’s year-specific
shrunken value-added estimates from all years other than t, yfﬁf_; t_22 I use the shrunken
value-added estimates as labels rather than the unshrunken estimates both because they

YFollowing the suggestion of Demszky and Hill (2023), I exclude from the sample two lessons whose
transcripts have inaccurate speaker attribution.

20For example, the first four utterances in Appendix Figure D1 are concatenated to form “teacher:
Friends, yesterday we started off by working on some word problems together, yes? student: Yes. teacher:
And yesterday towards the end of the period, you got a word problem given to you that you had to draw a
picture to show it, and you had to do the math problem to show it, yes? multiple students: Yes.”

21This embedding model is pre-trained with a contrastive objective, where the goal is to minimize the
distance in embedding space between pieces of text taken from the same source while maximizing the
distance in embedding space between pieces of text taken from different sources.

22 As is common practice when estimating ridge regression models, for each leave-one-teacher-out split,
I standardize the embedding dimensions to have mean 0 and variance 1 using the training segments and
apply the same transformation to the held-out teacher’s segments.
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are less noisy and because I observe them for a larger number of years.23 I choose to
predict ygEE , rather than y}® (computed using all available years) or yeE}f (computed using
only the transcript year) to more directly isolate the stable features of instruction predic-
tive of value-added. When a teacher is unusually effective in a given year, transcripts may
capture elevated student engagement or teacher enthusiasm that reflect conditions spe-
cific to that year rather than the teacher’s persistent instructional quality. Because teacher
effectiveness is correlated over time, focusing on yeEﬁ . still provides a meaningful mea-
sure of the teacher’s general ability without conflating it with these transient, year-specific
patterns.

I then use the model estimated on the transcripts from all teachers except k to pre-
dict value-added for all transcript segments from teacher k and average these predictions
at the teacher level, weighting by the number of words in the corresponding transcript
segment.

Formally, let S denote the set of all transcript segments and S;, c S denote those from
teacher k. For each segment s € S, let {(s) and t(s) denote the corresponding teacher
and year, respectively. Then the prediction of teacher k’s value-added formed from the
“unstructured” transcript data, which I denote as y}, is given by

T 2seSy Ws X5 0
k 2seS; Ws

Yk

where (¢}, 8;) solve

. 2
argn;nen{ > (J’f(li),_t(s) _C_X§e> +}‘k’e“§}
Y seS\S

and A is chosen with leave-one-segment-out cross-validation over the training segments
in $\ Sy and a mean squared loss function.?*

This procedure yields predictions for all teachers who have at least one transcript that
can be linked to a leave-year-out value-added measure. The procedure also ensures that
the model parameters used to form a prediction for any given teacher were not estimated
using data from that teacher, thereby allowing me to evaluate the out-of-sample perfor-
mance of my model—which is especially important in this setting given the large number

23 Asnoted in Section 2.2, the NCTE provides up to five years of shrunken value-added estimates, whereas
the student test score data I use to construct the unshrunken estimates only covers three years. These
additional years of data are especially useful given that I do not use the value-added estimate from year t.

24T use leave-one-segment-out rather than teacher-level cross-validation to take advantage of the efficient
leave-one-out cross-validation implementation in scikit-learn’s RidgeCV. The reported out-of-sample per-
formance is still evaluated on held-out teachers.
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of predictors relative to the number of observations. I repeat this exercise with linear
regression (i.e., imposing A; = 0 for all k).

3.2 Predicting Value-Added from Structured Data

To predict value-added using the “structured” information for teacher k—i.e., the 59 teacher
characteristics described in Subsection 2.3—I estimate a lasso model using the structured
data from all teachers except k and use the parameters of this model to make a predic-
tion for teacher k.2° Formally, let Z;, denote the vector containing the “structured” infor-
mation for teacher k and let yeEB represent teacher {’s shrunken (empirical Bayes) math
value-added estimate computed using all available years. Then the prediction j} is given
by
Y=+ 2

where (¢}, ny) solve
. 2
argmin { > (yP-c-zm)"+ 7\anH1}
7 ek

and A is chosen by cross-validation on the training teachers in each leave-one-teacher-
out split. I repeat this exercise with linear regression, ridge regression, and gradient-
boosted trees to ensure that my results are not overly sensitive to the model class used for
prediction.26

3.3 Evaluating the Predictions

For every teacher k, I now have two predictions of their value-added: ¥, the prediction
formed using the “unstructured” data (i.e., the transcripts), and y3, the prediction formed
using the “structured” data. To evaluate whether the transcript data adds explanatory
power above and beyond the structured data, I residualize y;, (either the shrunken mea-

E

sure ny or the unshrunken measure 3/1;: , depending on the specification), y;, and y; on

district and grade fixed effects and estimate the following three regressions on the set of

25 As is common practice when estimating lasso models, for each leave-one-teacher-out split, I standard-
ize the predictors to have mean 0 and variance 1 using the training teachers and apply the same transfor-
mation to the held-out teacher.

26When using ridge regression for this prediction exercise, I likewise standardize the predictors to have
amean of 0 and a variance of 1. For ridge regression and gradient-boosted trees, I choose hyperparameters
via cross-validation on the training teachers in each leave-one-teacher-out split. I implement the gradient-
boosted tree model in Python using scikit-learn’s histogram-based gradient boosting class HistGradi-
entBoostingRegressor.
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teachers for whom both y and y; are non-missing:

j/k:cx+1[)s§i+ek (3)
Y=o+ 11)u§;<‘ + € 4)
Vi = oc+1|)3§i+1|)u§;<‘+ek. (5)

Table I presents the results of these regressions, where the first three columns use
shrunken value-added and the remaining columns use unshrunken value-added as the
dependent variable. We observe that the predicted value-added formed from the tran-
scripts is positively associated with both measures of value-added (p < 0.01 for shrunken
value-added and p < 0.01 for unshrunken value-added) and explains over 10 percent of the
variation in the shrunken value-added scores (adjusted RZ = 0.108) and over 5 percent of
the variation in the unshrunken estimates (adjusted R? = 0.056). The predictions formed
from the structured information are marginally related to shrunken value-added (p = 0.10)
but are not statistically significantly related to unshrunken value-added (p = 0.24) and
explain much less of the variation across teachers (adjusted RZ = 0.007 for shrunken
value-added and adjusted R? = 0.003 for unshrunken value-added). Additionally, once we
control for the predictions formed from the transcripts, the predictions formed from the
structured data are no longer significant. To put these adjusted R? values in context, note
that a regression of unshrunken value-added on shrunken value-added from the 2009-
2010 school year, after partialling out district and grade fixed effects, has an adjusted R?
of approximately 0.19.

To visualize the quality of these two sets of predictions, Figure I presents binned scat-
terplots of teachers’ estimated value-added vs. the predictions formed from the structured
data and the transcript embeddings. Panels A and B use shrunken value-added as the de-
pendent variable, while Panels C and D use unshrunken value-added. We observe that
the points in Panels B and D are more tightly clustered around the regression line relative
to those in Panels A and C, respectively, consistent with the results reported in Table I.

3.4 Alternative Predictive Models

One might wonder how the quality of the predictions depends on the modeling choices
made. I therefore repeat the prediction exercise using alternative model classes, embed-
ding algorithms, value-added labels, and out-of-sample splits. The central finding—that
transcript embeddings predict value-added substantially better than the structured data—
is robust across these exercises.

14



First, the results are not driven by the model classes used in the baseline analysis. Ap-
pendix Tables Al and A2 report results using alternative prediction algorithms to form
the structured-data- and embedding-based predictions, respectively. None of the pre-
dictions formed from the structured data using linear regression, ridge regression, or
gradient-boosted trees are statistically significantly related to either measure of estimated
value-added. When I use linear regression to predict value-added from the transcript em-
beddings, the resulting predictions are still significantly associated with estimated value-
added, though these predictions explain much less of the variation across teachers (ad-
justed R? = 0.022 for shrunken value-added and 0.011 for unshrunken value-added).?’

Second, the results are not specific to OpenAl's embedding algorithm. I repeat the pre-
diction exercise using embeddings from Google’s Gemini Embedding 2 model; an off-the-
shelf version of Google’s EmbeddingGemma model, a much smaller (308M-parameter)
open-weight model; and a version of EmbeddingGemma that I fine-tune on the classroom
transcripts with the goal of having the embedding space better distinguish teachers from
one another.?® Appendix Table A3 reports the results. The predictions formed from the
Gemini embeddings are, if anything, slightly better than those formed using the OpenAI
embeddings (adjusted R? = 0.132 and 0.064 for shrunken and unshrunken value-added).
The predictions formed from the EmbeddingGemma embeddings are still significantly
related to both measures of estimated value-added but explain less of the variation across
teachers (adjusted R2 = 0.055 and 0.010 for shrunken and unshrunken value-added, re-
spectively), consistent with the model’s smaller size leading to lower-quality representa-
tions of the classroom dialogue. However, once I fine-tune EmbeddingGemma, the re-
sulting predictions improve substantially (adjusted R? = 0.094 and 0.028 for shrunken and
unshrunken value-added, respectively).

Third, the results are relatively robust to using unshrunken rather than shrunken
value-added as the label being predicted. As shown in Appendix Table A4, when I train
the model to predict unshrunken value-added computed using all years except the tran-
script year, the resulting predictions are marginally associated with unshrunken value-
added (p = 0.10; adjusted R? = 0.011). Because the unshrunken value-added estimates are
available for only three school years, these labels are formed using at most two years of

?7Intuitively, because the embeddings are very high-dimensional relative to the number of teachers,
unregularized linear regression is prone to overfit the training data, so some form of regularization is useful
to learn a model that generalizes well to unseen teachers.

281 implement this by fine-tuning with a standard contrastive learning objective, treating different
lessons from the same teacher as positive pairs and lessons from other teachers in the same district and
grade as negative pairs. I perform this fine-tuning in a leave-one-district-out manner: for each held-out
district, I fine-tune a separate copy of the model on transcripts from teachers in the other districts and use
that copy to embed transcripts from teachers in the held-out district.
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data and are especially noisy. If I instead predict unshrunken value-added computed us-
ing all available years of data, the resulting predictions are highly statistically significant
(p < 0.01) and explain more variation in unshrunken value-added (adjusted R? = 0.086)
than do the predictions reported in Table I. The predictions formed from the structured
data, by contrast, are not significant.?’

Fourth, the predictive relationship generalizes across districts. The baseline approach
leaves out one teacher at a time and trains the model on all remaining teachers, includ-
ing teachers from the same district as the held-out teacher. To assess how well the model
generalizes across districts, I repeat the exercise but leave out one full district at a time.
To isolate the effect of excluding same-district teachers from the mechanical effect of a
smaller training sample, I construct a placebo distribution by repeatedly partitioning the
teachers into random groups matching the size distribution of the actual districts and
re-running the leave-one-group-out prediction on each random partition. Appendix Fig-
ure A4 compares the leave-one-district-out adjusted R? to this placebo distribution. For
both shrunken (adjusted R? = 0.074) and unshrunken (adjusted R? = 0.032) value-added,
the true leave-one-district-out value is unremarkable relative to the placebo distribution
(at the 32nd and 25th percentiles, respectively), implying that excluding same-district
teachers does not meaningfully degrade the quality of predictions beyond what would
be expected from the smaller training sample.

The appendix contains the results of several additional analyses. Appendix Table A5
shows that allowing the effect of teacher experience to vary over time by repeating the
prediction exercise at the teacher-year level does not improve the predictive power of
the structured variables. Appendix Figure A3 documents that increasing the number of
transcripts used to form teachers’ value-added predictions generally results in increased
explanatory power. Appendix Table A6 reveals that teacher speech is substantially more
predictive than is student speech (adjusted R? of 0.066 vs. adjusted R? of 0.014).

A final consideration is whether treating this as a supervised learning problem—i.e.,
training a model to learn the relationship between transcript embeddings and value-added—
is necessary at all. After all, cutting-edge large language models (LLMs) are able to per-
form a wide variety of complex tasks (OpenAl et al. 2024; Bubeck et al. 2025; Luong et al.
2025; Patwardhan et al. 2025), which has engendered hope that LLMs will be helpful in
the kinds of prediction tasks of interest to economists (Ludwig et al. 2026). To assess how
well off-the-shelf LLMs can predict teacher quality from the transcripts alone, I ask two
LLMs, OpenAI's GPT 5.4 and Google’s open-source Gemma 4, to predict a teacher’s ef-

2These structured-data predictions are formed using linear regression, as lasso shrinks all coefficients
to zero and thus yields essentially constant predictions.
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fectiveness at raising student test scores, on a scale of 1 to 5, using the transcript text.30
I aggregate the resulting transcript-level predictions to the teacher level. Appendix Ta-
ble A7 presents regressions of both measures of value-added on the LLM-generated pre-
dictions. Both LLMs’ predictions have some degree of predictive power for unshrunken
and shrunken value-added. However, for both models and both value-added measures,
the amount of variance explained by each LLM’s predictions is at most around half the
amount explained by the predictions formed from the transcript embeddings.

3.5 Transcript Predictions and Student Achievement Under Random
Assignment

One potential concern is that the relationship between the transcript-based predictions
and value-added scores reflects the nonrandom sorting of students to teachers rather than
differences in true teacher effectiveness. To explore this possibility, I again leverage the
random assignment of teachers to student rosters in the 2012-2013 school year. I com-
pare the relationship between the transcript predictions and student achievement in the
2012-2013 school year separately for students who participated in the random assignment
exercise and for those who did not. Intuitively, if the transcript predictions largely pick
up on characteristics of the students a teacher typically teaches, one would expect them
to be substantially less predictive of student achievement when teachers are randomly as-
signed to student rosters. This analysis is relatively low-powered, however, because only
a small number of teachers participated in random assignment.3!

Specifically, I estimate student-level regressions of standardized 2012-2013 state math
test scores on standardized teacher value-added predictions formed from transcripts cre-
ated during the two preceding school years.32 I estimate these regressions in an observa-
tional sample and a random assignment sample. The former consists of students outside
the random assignment exercise: neither their student roster nor their actual teacher par-
ticipated in the exercise. For these students, I use the prediction associated with each stu-
dent’s actual teacher and include district and grade fixed effects and student demographic

30 Appendix B.1 presents the exact prompt.

3lThere are 54 teachers who were randomly assigned to classrooms in the final year of the NCTE Main
Study, have an available value-added prediction, and are in a randomization block in which at least one
other teacher has an available value-added prediction. Blocks containing only one such teacher are ex-
cluded because they provide no within-block variation in the predicted value-added variable used as the
instrument.

32For each held-out teacher, I fit the prediction model using only first- and second-year transcripts from
the other teachers and then apply it only to the held-out teacher’s first- and second-year transcripts. The
label used to train this model is shrunken value-added excluding the final study year.
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and lagged-test-score controls. The random assignment sample consists of students on
rosters to which teachers were randomly assigned. To account for noncompliance, I esti-
mate the coefficient of interest using 2SLS, in which the prediction associated with each
student’s actual teacher is instrumented by the prediction associated with their randomly
assigned teacher. This specification includes randomization-block fixed effects, student
demographic and lagged-test-score controls, and mean baseline characteristics of stu-
dents on the assigned roster. I repeat this exercise separately for the baseline predic-
tions formed from the OpenAI embeddings, for the predictions formed from the Gemini
and contrastively-fine-tuned EmbeddingGemma embeddings, and for “ensemble” predic-
tions formed by averaging these three sets of predictions and then re-standardizing them
to have unit variance.

Figure II presents the results. All four random assignment point estimates are posi-
tive and, if anything, larger than the corresponding observational estimates. Moreover,
the random assignment coefficients for the Gemini and the ensemble predictions are sta-
tistically distinguishable from zero (p = 0.015 and p = 0.045, respectively), whereas those
for the OpenAl and EmbeddingGemma predictions are not. The estimates are imprecise,
however, and there is substantial overlap between the confidence intervals for the vari-
ous predictive models. For example, the OpenAl estimate is the smallest of the four, but
its confidence interval includes the ensemble estimate, which is the largest at 0.098.

Taken together, these results provide no evidence that the relationship between the
transcript-based predictions and student achievement weakens when teachers are ran-
domly assigned to student rosters and instead provide suggestive evidence that the pre-
dictions capture persistent differences in teacher effectiveness. Given the small random
assignment sample and the resulting imprecision, however, they do not establish that the
observational relationship is entirely attributable to causal teacher effects.

In the next section, I consider possible policy uses of the enhanced predictive capacity
documented thus far, before turning to the question of interpretability in Section 5.

4 Policy Analysis

One reason that having better value-added predictions is useful is that it enables schools
to make better personnel decisions. Given that teachers play a central role in the educa-
tion production function, increasing teacher quality through better personnel policy has
the potential to generate substantial economic gains (Chetty et al. 2014b). I consider two
specific decisions schools face: teacher hiring and teacher retention.
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4.1 Teacher Hiring

When making teacher hiring decisions, schools typically observe information about prospec-
tive teachers’ educational histories and experience. Additionally, many school districts
conduct “demo lessons” in which teachers demonstrate their teaching ability, often in
front of actual students. Moreover, large school districts like the ones in the NCTE Main
Study often receive a considerable number of applicants from which to choose.3?

Even with these sources of information and a large set of prospective teachers from
which to choose, identifying effective teachers at the time of hire has proven difficult
(Staiger and Rockoff 2010).34 Since observable teacher characteristics are only weakly
related to teacher value-added (TVA), even decision-makers who optimally weigh the var-
ious pieces of information have limited ability to identify high-value-added teachers.

One may naturally ask whether applying the value-added prediction method devel-
oped in Section 3 to the demo lesson could help school districts identify promising ap-
plicants. To test whether this is the case, I simulate hiring from the sample of teachers
included in the NCTE Main Study, choosing one lesson per teacher at random to serve as
an analogue of a demo lesson. Although this exercise provides a reasonable approach to
addressing this question, it is important to consider several limitations. First, the teach-
ers in my sample may differ from those that schools encounter at the time of hire. One
reason is that I only observe teachers who were hired, meaning that any findings may not
generalize to the broader population of applicants. Another reason is that teachers in my
sample are likely more experienced on average than applicants. To partially address this
concern, I carry out the exercise separately for inexperienced and experienced teachers.
Second, the randomly chosen lessons may not be representative of a true demo lesson
scenario. While demo lessons often involve teaching in front of real students, the class-
room transcripts in my data come from lessons taught when teachers have an established
relationship with students. It is possible that there are aspects of teaching that are asso-
ciated with student learning but that only reveal themselves once a teacher has spent a
sufficient amount of time with a group of students. While this concern cannot be fully
resolved with my data, I partially address it by comparing the hiring gains from lessons
taught earlier with those from lessons taught later in the school year. Similarly, it is pos-
sible that the relationship between teacher practices and student learning changes when
teacher practices are observed in a high-stakes setting like a demo lesson. Third, Iignore

33For example, Jacob et al. (2018) document that only 13 percent of applicants to D.C. Public Schools were
ultimately hired.

34Staiger and Rockoff (2010) note that “there is scant evidence that school districts or principals can
effectively separate effective and ineffective teachers when they make hiring decisions.”
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any equilibrium effects of school districts’ improved ability to identify high-value-added
teachers (e.g., Bates et al. 2024).

With these caveats in mind, I now proceed with the exercise. I randomly choose one
lesson per teacher and form predicted value-added using only that lesson.3> To predict
value-added using the structured data, I assume that the school district has all the infor-
mation about a teacher’s background used in Section 3.2, as well as the human-generated
classroom observation scores for the randomly chosen lesson. I then form predictions
from this modified set of covariates using linear regression.3¢

With these two predictions, I can then consider how the distribution of teacher value-
added would change if I used the predictions formed from the transcript embedding
rather than the more traditional measures. I first consider what would happen if schools
selected the top half of teachers within each district as ranked by predicted value-added.
Panel A of Figure III plots the distribution of unshrunken value-added for the resulting
set of teachers, with one distribution for selection by the transcript embedding and an-
other for selection by the structured data. We observe that the value-added distribution of
teachers selected using the transcript embeddings has more mass on the right side (i.e.,
the higher value-added side), suggesting an improvement in teacher quality.

To more rigorously quantify the benefit of using the transcript embeddings for teacher
selection and to understand how such benefits depend on the fraction of teachers se-
lected, I consider hiring some fraction f within each district for f € {0.10,0.20, ...,0.90},
comparing selection by the transcript embedding to selection by the structured data. The
estimand of interest is the expected difference in mean unshrunken value-added between
the two selected sets of teachers, where the expectation is taken over repeated groups of
teachers drawn from the district populations represented in the NCTE sample and over
the random choice of one observed lesson per teacher to serve as the demo lesson, con-
ditional on the fitted prediction models. I estimate this expectation by averaging the dif-
ference in mean unshrunken value-added across 200 independent draws of one lesson
per teacher. I compute 95% confidence intervals using a within-district bootstrap with
1,000 replicates, averaging over 200 lesson draws within each replicate and treating the
lesson-level predictions as fixed.3’” For this estimand to correspond to the difference in

35As in Section 3.1, to form a prediction for teacher k, I use transcripts from all lessons from all teach-
ers except k to estimate the model. The only difference is that rather than forming predictions for each
transcript from the held-out teacher and then taking the mean of these predictions to form a teacher-level
prediction, I only predict for a single randomly chosen transcript.

361 use linear regression rather than lasso for this exercise because lasso selects the null model in nearly
all splits, yielding essentially constant predictions.

37The confidence intervals therefore reflect uncertainty from sampling teachers but not the uncertainty
from re-estimating the predictive models.
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mean true value-added between the two sets of teachers, we need the average bias in un-
shrunken value-added to be the same among teachers selected by the transcript-based
rule and teachers selected by the structured-data rule. This condition is implied by, but
weaker than, teacher-level unbiasedness.

Panel B of Figure III visualizes the results of this exercise. We observe that all nine
point estimates are positive, and eight of the nine confidence intervals—for f = 0.20
through f = 0.90—exclude zero.38 Relative to teacher selection based on the wide range
of variables available to school districts at the time of hire, including human evaluations
of a teacher’s performance in a lesson, using the embedding predictions can increase
the quality of the hired teachers as measured by their effectiveness at raising student test
scores. To contextualize the magnitude of these effects, consider that the standard devi-
ation of the value-added variable in the set of teachers used for this analysis is approxi-
mately 0.178.3° Thus the increase in mean value-added for f = 0.50 represents an increase
of about 0.25 standard deviations in value-added.

To partially address the concern that the teachers in my sample are more experienced
than the typical applicant, I repeat this exercise separately for teachers with two or fewer
years of experience and for teachers with more than two years of experience. Panel A of
Appendix Figure A5 visualizes the results. Though the confidence intervals for inexperi-
enced teachers are relatively wide due to the smaller sample size, all point estimates are
larger than those for the experienced teachers (on average across f values, expected gains
are 0.053 student-level test-score standard deviations larger for inexperienced teachers
than for experienced teachers). Thus, we do not observe evidence that the algorithm is
less useful for selecting among inexperienced teachers than for selecting among experi-
enced teachers. Similarly, to partially address the concern that the gains from using the
algorithm may be larger when the lesson analyzed is one in which the teacher has an es-
tablished relationship with students, Panel B of Appendix Figure A5 visualizes the results
of repeating this exercise separately for fall and spring lessons.*? The point estimates
are slightly larger for fall lessons than for spring lessons (on average across f values, ex-
pected gains are 0.022 student-level test-score standard deviations for fall lessons versus
0.019 for spring lessons), and they generally remain positive. Finally, Appendix Figure A6

3B1Intuitively, as f increases, the number of observations used to compute the increase in value-added
increases, increasing the precision of the estimates, yet the policy becomes less effective because we select
teachers with lower predicted value-added (and in the extreme case where f = 1, the policy has zero effect
by definition). This may explain why we do not observe an effect significantly different from zero for the
smallest value of f.

391 compute this standard deviation by taking the square root of the estimated variance of the teacher
random effect y; from the value-added model described in Section 2.2.

401 restrict this analysis to the set of teachers for whom I observe both fall and spring lessons.
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replicates Figure III but uses unshrunken value-added in years other than the demo les-
son year as the outcome variable, while Appendix Figure A7 uses only lessons from the
first NCTE Main Study year and uses unshrunken value-added in the last two years as the
outcome variable. The results are somewhat noisier but broadly similar: for example, for
f =0.50, the respective increases in mean value-added are 0.34 and 0.24 in standard devi-
ations of teacher value-added, compared to 0.25 when using all lessons and unshrunken
value-added computed using all years.

Is this improvement in teacher quality economically significant? One way to answer
this question is by drawing on the estimates made by Chetty et al. (2014b) of the effect
of having a higher value-added teacher on students’ earnings in adulthood. Chetty et al.
(2014b) use data from a large urban school district similar to those studied by the NCTE
Main Study, so it is reasonable to assume that their findings generalize to my setting. The
authors estimate that a one-standard-deviation increase in value-added for one school
year raises each student’s cumulative lifetime earnings by about $39,000 in 2010 dollars.
Applying this estimate, the simulated 0.25 standard-deviation improvement in the mean
value-added of teachers hired under the transcript-based policy implies a gain of approx-
imately $9,692 in cumulative lifetime earnings per student taught by those teachers in a
given school year. For a class of 20 students, this corresponds to about $194,000 in cumula-
tive lifetime earnings per classroom-year. These exact magnitudes should be interpreted
cautiously, given that they come from a simulated hiring exercise and use estimates of
the economic value of teacher value-added calculated in a different setting. Still, they
suggest that even modest improvements in predictive accuracy could have economically
meaningful benefits. Such benefits would be especially compelling if the marginal cost
of applying the algorithm were low, as may be the case in districts already conducting
demo lessons. The possibility for economically meaningful net benefits from this predic-
tive algorithm is consistent with recent work by Ludwig et al. (2024) demonstrating that
predictive algorithms in fields, including education, can have infinitely large Marginal
Values of Public Funds (Hendren and Sprung-Keyser 2020).

4.2 Predicting Future Effectiveness

In addition to teacher hiring, a second key personnel decision that school districts face
relates to teacher tenure. Many school districts make tenure decisions after a teacher has
been teaching for just a few years. These decisions are consequential: granting tenure
to an ineffective teacher could mean decades of decreased student performance. Thus,
being able to forecast future effectiveness given only a few years’ worth of data is useful.
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Though the TVA predictions derived from the transcript embeddings are strongly re-
lated to teachers’ estimated value-added, they need not be a useful input to this decision:
when making this decision, schools not only have access to teacher characteristics like
years of experience but also have data on past performance (e.g., past value-added es-
timates). Thus the TVA predictions derived from the transcripts are only useful inputs
to this decision-making process if they provide information above and beyond what is
captured in observed value-added estimates.

To test whether transcript predictions provide additional signal, I form two predic-
tions of each teacher’s future value-added: one using only transcripts from the first NCTE
Main Study year and one using transcripts from the first two years. I take two approaches
to forming these predictions. The first is a strict forecast in which, for each held-out
teacher and each transcript window, I fit the predictive model using only other teachers’
transcripts from the same window. When using transcripts from the first year (2011, i.e.,
the 2010-2011 school year), the label being predicted is the precision-weighted average of
shrunken value-added estimates from 2009, 2010, and 2011; when using first- and second-
year transcripts, the label is shrunken value-added excluding the final study year. The
second approach is a leave-one-district-out forecast in which, for each held-out teacher,
I fit the predictive model on all transcripts from teachers outside the held-out teacher’s
district, using as the label for each transcript the teacher’s shrunken value-added com-
puted excluding that transcript’s year. I then apply this model to the held-out teacher’s
transcripts from the first year or the first two years. While this second approach uses
transcripts and value-added labels from future years in other districts, the transcripts to
which the estimated model is applied are the same in both approaches.

For both sets of predictions, I then estimate two regressions. First, I regress unshrunken
value-added in the final year of the NCTE Main Study (2013) on shrunken value-added
in 2011, the prediction derived from the structured data, and the transcript prediction
formed using only the teacher’s 2011 transcripts. Second, I regress unshrunken value-
added in 2013 on shrunken value-added in 2011 and 2012, the prediction derived from the
structured data, and the transcript prediction formed using the teacher’s 2011 and 2012
transcripts. The goal of these two regressions is to forecast a teacher’s value-added in the
third NCTE Main Study year using only the information from that teacher that is available
in the first year and the first and second years, respectively.

Columns 1 and 2 of Table II report the results of these two regressions for the strict
forecasts, while Columns 3 and 4 use the leave-one-district-out predictions. As expected,
the shrunken value-added estimates are strongly predictive of unshrunken value-added
in 2013. Controlling for these shrunken value-added estimates, the strict transcript-based
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forecasts are not associated with unshrunken value-added in 2013. However, the leave-
one-district-out prediction formed from transcripts from the first two years is predictive
of future unshrunken value-added (p = 0.07) after conditioning on shrunken value-added
in the first two years. By contrast, the TVA predictions formed from the structured data
are insignificant in all specifications, a result consistent with past work in this area (e.g.,
Cantrell and Kane (2013) show that controlling for one year’s value-added estimate ren-
ders the coefficients on both student survey scores and classroom observation scores in-
significant in a regression predicting out-of-sample value-added for elementary school
math teachers).

Columns 5 and 6 provide a student-level analogue of this forecasting exercise. In par-
ticular, I estimate Equation (2), in which I model final-year math test scores as a function
of student and peer characteristics, but replace the teacher fixed effect with the teacher-
level predictors used above: prior shrunken value-added estimates, the predictions formed
from structured data, and the strict transcript forecasts. The transcript predictions from
both the first year and first two years predict final-year test scores in this model (p = 0.05
and p = 0.01, respectively).

Thus, while traditional classroom observations have proven to be of little use in fore-
casting future value-added, the raw classroom data contain useful information predictive
of future value-added and student achievement, even controlling for several estimates of
past value-added. Insofar as schools aim to grant tenure to teachers in part based on their
future effects on student achievement, these predictions could serve as a useful input to
schools’ highly consequential tenure decisions.

5 Discovering Interpretable Correlates of Value-Added

The policy applications considered in the previous section are settings where prediction
is useful in its own right. Beyond pure prediction, one might hope to understand what
human-interpretable features of the transcripts are associated with value-added.

As an initial benchmark, I examine whether the transcript-based predictions can be
understood through the existing structured variables. To do so, I regress the transcript
predictions on the 59 structured variables used to form the structured-data predictions in
Table I. Appendix Figure A8 presents the regression coefficients and associated standard
errors from this model, which has a leave-one-teacher-out R? of 0.075.# This limited fit,

“L After applying the Benjamini-Hochberg procedure to control the false discovery rate at 5%, six coef-
ficients remain statistically significant: Asian, Hispanic, and Black teachers tend to receive higher predic-
tions relative to White teachers, while those with higher “negative climate” scores, those who use a more
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together with the substantially greater predictive power of the transcript-based predic-
tions, suggests that the existing structured variables provide only a limited account of the
relevant information contained in the transcripts. I therefore turn to a more direct, data-
driven approach that constructs interpretable features from the transcript embeddings
themselves. In Section 5.1, I provide an overview of my methodology for constructing
these features, which I then apply to my dataset in Section 5.2. In Section 5.3, I identify
a subset of these features systematically related to value-added. Finally, in Section 5.4, I
discuss these findings.

5.1 Methodological Overview

One can think of a black-box embedding model as representing a given piece of text as
a linear combination of some set of interpretable feature vectors, an idea known as the
linear representation hypothesis (Park et al. 2024).42 Conceptually, a feature could be
as specific as an individual word or a more abstract concept like a focus on student disci-
pline. My goal is to identify a subset of these features whose presence is related to teacher
value-added.

To do so, I begin by constructing a dictionary of features that appear in the classroom
transcripts. Rather than specifying ex-ante which features to include in the dictionary,
I use the classroom transcripts to learn a set of features useful for reconstructing em-
beddings of the classroom speech. I do so using a technique called sparse autoencoders
(SAEs), which has successfully been used for unsupervised feature generation in a variety
of settings (e.g., Le et al. 2012; Sun et al. 2016; Praveen et al. 2018) and has gained particu-
lar attention over the past several years as a promising approach to interpreting the inner
workings of large language models (e.g., Cunningham et al. 2023; Bricken et al. 2023;
Templeton et al. 2024). Intuitively, given a set of input embeddings and a pre-specified
dictionary size (e.g., a dictionary of 512 features), SAEs find a set of feature vectors that
best allows one to reconstruct the input embeddings as linear combinations of the fea-
ture vectors, subject to the constraint that only a small number of features can be used

“active format,” and those who use more “linking and connections” between different ways of represent-
ing a given mathematical idea tend to receive lower predicted value-added. The predictions are not simply
picking up on teacher demographics, though: in Appendix Table A8, which residualizes the transcript pre-
dictions and outcomes on race and gender dummies in addition to school district and grade fixed effects,
we observe that the transcript predictions retain most of their predictive power.

42A famous example of this phenomenon comes from Mikolov et al. (2013). Using the embedding al-
gorithm from the RNN toolkit (Mikolov 2012), they show that subtracting the embedding for “man” from
the embedding for “king” and adding the embedding for “woman” yields a vector very close in embedding
space to “queen.”
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for reconstruction on any given embedding.*3 Concretely, this is done by minimizing
the average reconstruction loss—the distance between an input embedding and its sparse
reconstruction—via gradient descent.

My implementation differs from the basic SAE algorithm in two key ways. First, rather
than choosing one fixed dictionary size, I choose a set M of different sizes and for each m ¢
M separately add to the loss function the reconstruction error achieved using only the first
m features in the dictionary. This approach, termed “Matryoshka SAEs” (Nabeshima 2024,
Bussmann et al. 2025; Zaigrajew et al. 2025) in reference to the nested dictionary sizes,
allows one to generate features at varying levels of granularity: because earlier features in
the dictionary need to be able to reconstruct the inputs by themselves, these features tend
to be high level, whereas later features are more granular. Second, following recent work
(e.g., O’Neill et al. 2024), I use an auxiliary loss that discourages features from becoming
inactive during training. For a more detailed description of the SAE architecture, loss
function, and training procedure, please see Appendix C.

5.2 Feature Generation

To apply the method outlined in Section 5.1 to the classroom transcripts, I begin by split-
ting the transcripts into short segments, formed by accumulating utterances until reach-
ing approximately 200 tokens, subject to a 50-token minimum. These short segments
allow me to more easily isolate individual features than if I were working with the tran-
scripts from entire hour-long lessons. I then represent each segment as a vector X ¢ R3072
using OpenAl’s text-embedding-3-large embedding algorithm. Because SAE training is
unsupervised and does not use value-added outcomes, I fit the SAE dictionaries once us-
ing all transcript segment embeddings.

To reduce dependence on any single SAE training run, I train ten Matryoshka SAEs us-
ing different random seeds with the HypotheSAEs package (Movva et al. 2025). Each SAE
outputs a sparse vector of feature activations for each segment, where an activation of zero
means that a feature was not used in the reconstruction and larger magnitudes indicate
a stronger contribution. Because individual SAE features can vary across random seeds,
I cluster similar features across runs using both similarity between the learned feature
vectors and correlation between their activations across transcript segments. For each
resulting cluster, I average the activations of its member features within each segment
and then across a teacher’s segments to construct teacher-level feature measures. I also

43This sparsity constraint is motivated by the intuition that sparsity can achieve efficient and biologically
plausible representations (Olshausen and Field 1996).
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record whether any member feature in a cluster is active and refer to each cluster by the
feature number assigned by the clustering algorithm. Appendix C describes the training,
clustering, aggregation, and feature-prevalence procedures in detail.

After constructing this dictionary of SAE features, I test whether the features collec-
tively have predictive power for value-added. To do so, I aggregate the clustered SAE
activations to the teacher level and use these teacher-level mean activations as covari-
ates in a lasso model predicting shrunken value-added. As in Section 3.1, I form predic-
tions by holding out one teacher at a time, estimating the model using all other teach-
ers, and then predicting value-added for the held-out teacher. Table III reports the re-
lationship between these predictions and teachers’ estimated value-added. The predic-
tions formed from the SAE activations are significantly associated with both value-added
measures and, evaluated on the same sample, explain about half as much variation as
the predictions fit on the full embeddings analyzed in Table I (adjusted R? = 0.052 for
shrunken value-added and 0.029 for unshrunken value-added). Thus, although the SAE
representation sacrifices some predictive information relative to the higher-dimensional
embeddings, it retains substantial signal, making it a useful basis for the feature selection
exercise in the next section.

5.3 Discovering Predictive Features

To identify the features most related to teacher value-added, I use integrated path sta-
bility selection (IPSS; Melikechi and Miller 2025), a technique for selecting features in
high-dimensional data while controlling false discoveries. IPSS builds on stability selec-
tion (Meinshausen and Biithlmann 2010; Shah and Samworth 2012), which takes a base
variable selection algorithm, such as the lasso, applies it repeatedly to subsamples of the
data, and selects variables that are chosen consistently across these subsamples. Rather
than evaluating stability at a single level of sparsity, IPSS uses information from the full
regularization path (i.e., the sequence of lasso models obtained as one varies the penalty
parameter). Specifically, IPSS integrates selection frequencies over this path, looking for
features that are selected consistently across many subsamples and across a range of val-
ues of the penalty parameter. IPSS summarizes this stability in a feature-level g-value that
approximately controls the false discovery rate.

In my implementation, I use lasso as the base selector, shrunken value-added as the
outcome variable, and focus on features with g-values below 0.20, of which there are five.
Appendix C.4 describes the construction of the g-values, the assumptions underlying the
false-discovery guarantees, and the remaining implementation details.
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At this point, these five features are only unlabeled directions in embedding space. To
interpret them, I follow the standard approach in the SAE mechanistic interpretability lit-
erature (e.g., Paulo et al. 2025) and use an LLM to generate natural-language descriptions
of the selected cluster features. For each cluster, I provide highly activating and non-
activating transcript segments to the open-source LLM Gemma 4 and ask it to identify the
most specific attribute present in the former but absent from the latter. I then evaluate
each description on a separate set of activating and non-activating segments by asking
the LLM whether the described feature is present in each segment. I summarize agree-
ment between these ratings and the SAE cluster presence indicator using the F1 score.
Appendix C.5 provides the sampling procedure, prompts, and scoring details.

Table IV presents the selected features, the generated feature descriptions, and the
corresponding F1 scores, their correlations with both value-added measures, and their
IPSS g-values. Appendix Table C1 reports the five highest-activating examples.

Before discussing these features in the next section, I make two observations. First,
the IPSS procedure selects features that have predictive power out of sample. To see this,
I hold out one teacher at a time, run IPSS on the remaining teachers using teacher-level
SAE activations as features and shrunken teacher value-added as the outcome, fit a lin-
ear model on the selected features, and predict value-added for the held-out teacher.**
Appendix Table A9 reports the relationship between these predictions and teachers’ es-
timated value-added. The predictions are significantly associated with and explain vari-
ation in both value-added measures (adjusted R = 0.040 and 0.025 for shrunken and un-
shrunken, respectively). Second, Appendix Table A10 documents that all selected features
except feature 1016 (whose description has an F1 score of 0.198) are strongly related to the
algorithmic transcript predictions analyzed in Section 3.1, indicating that the selected fea-
tures help explain what aspects of the transcripts the predictive model from Section 3
uses.

5.4 Analyzing Discovered Features

I now turn to discussing the discovered transcript features presented in Table IV. Because
these relationships are correlational, I interpret the selected features and their relation-
ship to value-added as potential hypotheses warranting further study rather than as evi-
dence that these practices causally affect value-added.

Feature 73, which describes “sitting or chairs,” is negatively related to both shrunken

“For computational feasibility, for this prediction exercise, I use 250 penalty values and 500 comple-
mentary half-samples.
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and unshrunken value-added, even after partialling out structured control variables se-
lected by double selection with lasso (Belloni et al. 2013). As is apparent in the examples
presented in Appendix Table CI, this feature typically occurs when the teacher is directing
students’ behavior (e.g., “sit up,” “sit properly,” “have a seat”) and thus may be interpreted
as a symptom of student misbehavior and weak behavior management. The connection
between behavior management and student learning is not a new insight; indeed, be-
havior management is a dimension of the CLASS instrument. Still, the feature contains
substantial signal beyond the existing CLASS measure and thus could be useful in practice
when identifying classrooms with low student learning.

Feature 850, which describes “the organization of students into specific teams or groups,”
is positively related to both measures of value-added. The general use of teams and group
work connects to a literature in education on cooperative learning (Slavin 1980; John-
son and Johnson 1994) and may be a natural channel through which peer effects (Hoxby
2000; Sacerdote 2011) manifest themselves. The closest analogues in the existing class-
room observation variables are measures of time spent in small groups versus in an ac-
tive format, but these measures are only weakly correlated with Feature 850 and do not
distinguish between different types of group- or team-based work. Examining the top-
activating examples in Appendix Table C1 provides two potential hypotheses about why
the types of team-based activities associated with this feature are correlated with value-
added above and beyond general group work. First, the examples showcase extremely
structured team-based work, with the teachers numbering teams and sometimes assign-
ing specific roles or tasks (“One of you does need to be watching the timer. The other one
could be writing out expressions”). Second, many of the top-activating examples in the
classroom transcripts involve competitions between teams, such as quiz games in which
teams take turns supplying answers, which may improve student learning by using com-
petition as a non-monetary incentive for effort (Levitt et al. 2016).

Feature 680, which describes situations in which a “teacher explicitly invites a stu-
dent to come up to the front of the classroom or to the board,” is negatively related to
value-added, even after partialling out double-lasso controls. This relationship may be
somewhat surprising given existing work in education arguing that well-executed student
board presentations are a key component of high-quality instruction (Stein et al. 2008).
There are at least two possible explanations for this finding. First, student board presen-
tations may be effective in the setting I study only when they are carefully planned—for
example, when teachers think through which students will present, what each student
will present, and in what order—and the teachers in the lessons I study may not execute
the presentations in this way. Indeed, in most of the examples shown in Appendix Ta-
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ble C1, teachers ask for volunteers to come up to the board rather than having a prede-
termined plan. Second, because student presentations necessarily leave most students
watching rather than actively participating, they may be ineffective in certain settings,
such as those where students have difficulty staying focused while their classmate is at
the board. We see evidence in the fifth example that student behavior can be an issue
during these presentations, when the teacher tells students to “be respectful, please put
the caps on the dry erase markers, place the dry erase markers in front of you. Have body
control. Your eyes are on the presenter.”

The remaining two features warrant less discussion. Feature 854, which describes “the
instruction to switch” and is positively correlated with shrunken value-added, could re-
flect effective management of transitions between activities in the classroom. However,
one should avoid reading too much into this feature, as its correlation with unshrunken
value-added is essentially zero. Finally, as discussed in Section 5.3, the description of fea-
ture 1016 cannot reliably distinguish activating from non-activating transcript segments
(F1 score of 0.198), so I make no attempt to interpret it.

Stepping back, several patterns emerge across the selected features. All of the inter-
pretable features describe aspects of teachers’ classroom management rather than math-
ematical content or math-specific pedagogical strategies. Additionally, the signs on the
teamwork and student presentation features point in a consistent direction: the student
teamwork feature, which is positively related to value-added, reflects a practice that dis-
tributes work across many students simultaneously, while the student presentation fea-
ture, which is negatively associated with value-added, captures a form of participation
that is more concentrated on one student at a time.

Finally, I reiterate that the practices identified here are not wholly new instructional
concepts. Existing research and classroom observation instruments recognize that stu-
dent interactions, elicitation of student answers, and classroom management influence
student learning. The potential value of the approach used here is to highlight more fine-
grained practices that are not captured in existing classroom observation instruments.
For example, rather than asking whether interaction between students is important in
general, one can form specific hypotheses about the types of such interactions (e.g., in
the form of structured team-based activity) that may be especially important for student
learning. Likewise, one can move beyond assessing the overall frequency with which a
teacher asks for student answers and instead form hypotheses about whether and how
the specific forms of elicitation may matter.
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6 Human Judgment

The results presented in Section 3 demonstrate that classroom teaching and interactions
do indeed contain meaningful information about teachers’ effects on student test scores,
and the results presented in the previous section show that this information is at least
in part human-interpretable. Yet human-generated classroom observation scores are not
strongly predictive of teacher value-added. Given that these classroom observations are
conducted in part to identify teacher and student behaviors associated with student learn-
ing (Bill & Melinda Gates Foundation 2010), the weak relationship with value-added scores
is perplexing. Why do the classroom observations fail to pick up on the features of class-
room interactions associated with student learning?

One simple possibility is that student learning depends on a very large number of in-
structional features—many more than could realistically be encoded in a classroom ob-
servation rubric but can be represented in transcript embeddings. However, the results
from the previous section suggest that this explanation is insufficient: when predicting
value-added from the SAE features using lasso, the maximum number of SAE features
used across the leave-one-teacher-out folds was only 14, fewer than the number of class-
room observation variables. An alternative explanation is that the creators of teacher
observation protocols hold inaccurate beliefs about the characteristics of teachers that
affect student learning. For example, if they overestimate the importance of some as-
pect of teaching for student learning, that aspect of teaching may be overrepresented in
the classroom observation rubrics, and vice versa. Understanding these beliefs may thus
shed light on the weak relationship between classroom observation scores and teacher
value-added.

I use two complementary strategies to study these beliefs. The first leverages the fact
that for a small subset of the teachers in the NCTE Main Study, education researchers
ranked the teachers according to the researchers’ predictions of value-added (Hill et al.
2013). The second strategy is to examine observers’ holistic whole-lesson MQI scores,
which reflect their assessment of the overall quality of the mathematics instruction. The
first strategy has the benefit of directly studying the object of interest but relies on a small
sample, while the second approach uses a larger sample but less directly captures ob-
servers’ beliefs. Sections 6.1 and 6.2 present evidence from these two approaches, and
Section 6.3 briefly discusses the results through the lens of a model of selective attention.
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6.1 Human Predictions of Value-Added

Twelve researchers, including members of the team that designed the MQI instrument,
participated in the exercise of ranking teachers based on value-added predictions. For
three of the four districts in the NCTE Main Study, the researchers selected nine teachers
from each district—three from the bottom quintile of the value-added distribution, three
from the middle quintile, and three from the top quintile. They viewed at least five class-
room videos for each teacher and then collectively ranked the teachers according to the
researchers’ predictions of value-added on mathematics test scores.

The resulting value-added predictions were relatively inaccurate: for 13 of the 27 teach-
ers (48%), the observers predicted the wrong quintile, and 7 of the 18 (39%) teachers in ei-
ther the top or bottom quintile of value-added were misclassified into the reverse quintile
(i.e., teachers in the bottom quintile were ranked in the top quintile, and vice versa).*
To understand potential reasons for these errors, I examine the relationships between
teachers’ instructional features and the expert predictions and compare these relation-
ships to the relationships between instructional features and estimated value-added. To
measure high-level instructional practices, I use the indices discussed in Section 2.3. Be-
cause these indices are derived from the classroom observation scores, they by definition
cannot capture aspects of instruction not measured in the classroom observations that
may be underweighted by humans, but they can nevertheless be useful in identifying the
characteristics associated with human predictions of value-added.

In the prediction data from Hill et al. (2013), I cannot observe human predictions at
the teacher level. Instead, in each district, I observe the mean prediction for the three
teachers in each of the first, third, and fifth value-added quintiles.*® Thus, while I cannot
examine the relationship between teacher characteristics and expert predictions of value-
added, I can examine the relationship between the average characteristics of teachersin a
particular value-added quintile in a given district and the average value-added predictions
for these teachers.

Panel A of Figure IV presents the difference between two sets of coefficients: coeffi-
cients from regressions of the average predicted value-added rank on each of the indices
of instructional practices and coefficients from regressions of estimated average value-
added rank on the indices. Higher ranks correspond to higher estimated or predicted

4>For context, predicting at random would in expectation yield error rates of 67% and 33%, respectively,
while ranking based on the algorithmic predictions formed from the transcript embeddings in Section 3
would yield 59% and 11%, respectively. The algorithm was trained on transcripts from the same set of
lessons viewed by the human observers but, unlike the observers, had no access to auditory or visual infor-
mation.

46Please consult Appendix D.6 for a complete discussion of these data.
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value-added. Because the human experts ranked teachers within districts, these regres-
sions include district fixed effects. Additionally, given the small number of observations,
I estimate a separate regression for each instructional feature. Positive values indicate
that the instructional feature is more strongly associated with predicted value-added rank
than with estimated value-added rank.

We observe that the coefficients across the two regressions differ most substantially
for the “Math Richness” instructional feature: while this feature is associated with a higher
predicted value-added rank, itis associated (albeit statistically insignificantly) with a lower
estimated value-added rank. This difference is significant using both a finite-sample t-test
(p = 0.023) and a within-district permutation test (p = 0.005) and remains significant at the
10% level after applying the Benjamini-Hochberg correction (g = 0.094 and g = 0.037, re-
spectively). We also see some evidence that this difference in coefficients is positive for
“Student Participation in Meaning-Making and Reasoning” and “Emotional Support.” By
contrast, the smallest difference occurs for the “Classroom Organization” feature, which
measures skills like behavior management.

6.2 Holistic Mathematical Quality of Instruction Ratings

In addition to looking at the experts’ direct predictions of value-added, it is also instruc-
tive to examine the holistic whole-lesson MQI scores given to teachers as part of the class-
room observations. Just as I identified features of instruction associated with higher hu-
man value-added predictions, I can identify features of instruction associated with higher
whole-lesson MQI scores and compare these relationships to the relationships between
the subcomponents of MQI and value-added. Unlike in the previous section, divergences
between the instructional features emphasized by MQI raters and those most predictive
of value-added cannot be labeled as “mistakes,” since raters are not directly predicting
teachers’ value-added. Still, if raters tend to prioritize similar features when judging the
overall quality of the mathematics instruction, this would lend credibility to the previous
section’s analysis, which relied on value-added predictions for a small sample of teachers.

Since the whole-lesson MQI scores are by construction focused on the aspects of a les-
son relating to the mathematics, I only include in these analyses the four indices derived
from MQI variables (“Math Richness,” “Student Participation in Meaning-Making and Rea-
soning,” “Mathematical Precision,” and “Working with Students”). Additionally, because
I have substantially more data than I did for the analysis of expert predictions, I include
all four instructional features in the regressions simultaneously (i.e., regressing whole-
lesson MQI scores and value-added estimates on the four MQI instructional features plus
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district fixed effects). Moreover, I standardize value-added scores and whole-lesson MQI
scores to have mean zero and standard deviation one.

Panel B of Figure IV presents the differences between coefficients from a regression
of teachers’ whole-lesson MQI scores on the instructional features and the coefficients
from a regression of teachers’ unshrunken value-added estimates on the same features.
As with the human value-added predictions, the difference is largest for “Math Richness,”
and here it is also significantly positive for “Mathematical Precision” but not significantly
different from zero for the other two features.

Two supplementary exercises support this interpretation. First, I repeat the feature
selection procedure used in Section 5 to identify SAE features predictive of whole-lesson
MQI scores. As shown in Appendix Table C2, many of the interpretable features with F1
scores of at least 0.5 capture teachers’ emphasis on mathematical reasoning—including
discussion of proof and justification, mathematical methods or procedures, and pattern
recognition—rather than teacher-student interactions. For these features, whole-lesson
MQI is more strongly associated with the features than is unshrunken value-added. Sec-
ond, Appendix Figure A9 shows that the pattern in Panel B is similar when value-added
is measured using the NCTE assessment designed to capture higher-level mathematics
skills rather than the state examination.

Taken together, the evidence from the human predictions of teacher value-added and
from the whole-lesson MQI scores is consistent with these experts placing greater weight
on the richness of mathematics, relative to its association with value-added, and less
weight on factors like classroom organization and student engagement. Interestingly, it
is these latter aspects of instruction not pertaining to the math quality itself that the ap-
proach in Section 5 uncovered. This is not because the algorithm cannot identify “rich”
mathematics—indeed, one can explain approximately 40 percent of the variation in the
“Math Richness” feature out of sample using the transcript embeddings—but rather be-
cause mathematical richness seems to be largely unrelated to student learning in these
data.

6.3 Interpreting Human Judgment

Why do experts making value-added predictions and the raters conducting teacher ob-
servations tend to heavily weigh factors like the richness of the mathematics? There are,
of course, a wide range of theories that could help explain this pattern, and in this pa-
per I will not be able to fully distinguish between them. Qualitative evidence provided by
Hill et al. (2013) on the experts’ decision-making processes is nevertheless informative.
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Teachers frequently “possessed both a range of instructional features and strengths and
weaknesses in their implementation, rendering raters unable to prioritize.” There were
therefore many features to which raters could attend, and the features they emphasized
influenced their final predictions. In one case, for example, one rater focused on a “strong
classroom climate” and ranked the teacher in the highest quintile, while another focused
on “imprecise teaching of content” and ranked the same teacher in the lowest quintile.
Which features received attention may have depended in part on how raters categorize
the task: in one district, for example, raters “sought to reach agreement by focusing on
the degree and quality of inquiry-based instruction,” thereby narrowing the set of features
they needed to consider.

This qualitative description of raters’ decision-making process is consistent with the
model presented by Bordalo et al. (forthcoming), in which decision-makers categorize a
problem based on similar problems encountered in the past and the categorization of the
problem shapes which features are attended to. Viewing the rater decision-making pro-
cess in light of this model leads one to consider how raters’ past experiences influence
the way they represent the problem of predicting value-added. One possible explanation
for the tendency to focus on features like math richness is that the past experiences of
the experts in Hill et al. (2013) and the classroom observation raters may have led them
to conceptualize teaching quality primarily in terms of mathematical and pedagogical so-
phistication, rather than dimensions such as behavior management and classroom orga-
nization. Those with greater experience in behavior management might instead concep-
tualize the task of identifying teachers who help students learn as one of finding teachers
who can keep students engaged and on task, which would suggest that they would attend
to different features of the same lesson when making predictions about teacher quality.
Such possibilities are beyond the scope of this paper but represent promising areas for
future work.

7 Conclusion

This paper reveals that there is substantial untapped potential in raw classroom observa-
tion data. I demonstrate that text embeddings of classroom transcripts can explain sub-
stantially more of the variation in teachers’ estimated effects on student test scores than
can a wide range of existing variables, including years of experience, teacher content
knowledge, and human evaluations of teachers’ classroom instruction. This improved
predictive ability could improve teacher personnel decisions and thus generate econom-
ically meaningful benefits for students. For example, I show that a hiring policy that uses
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value-added predictions formed from the transcript of a single lesson could increase cu-
mulative lifetime earnings by $9,692 per student taught by selected teachers for one school
year relative to a policy that uses the standard information on job applicants available to
school districts. I then use an algorithmic hypothesis generation technique to uncover
specific teaching practices—such as the use of teamwork in the classroom—that predict
teachers’ estimated effects on student test scores, even controlling for observable teacher
characteristics. Finally, I examine human experts’ predictions of teacher value-added
and find that these experts place too much weight on the importance of the “richness” of
mathematics in a lesson for improving student test scores, an observation that, combined
with qualitative evidence on the experts’ decision-making process, is consistent with the
model of reasoning and choice proposed by Bordalo et al. (forthcoming).

These results suggest several promising directions for future work. First, given the
relatively narrow scope of the dataset used in this paper, it would be valuable to apply
the approach developed here to other datasets, including those with student outcomes
beyond short-run aggregate test scores—such as item-level outcomes (Bruhn et al. 2025),
longer-run test scores (Gilraine and Pope 2021), non-cognitive skills (Jackson 2018), or in-
volvement in the criminal justice system (Rose et al. 2022). Second, one goal of this paper
was to identify novel features of teaching correlated with student learning. Future work
could investigate whether these relationships are causal, and if so, how to use this infor-
mation to improve teaching—for example, by providing personalized feedback to teach-
ers (Allen et al. 2011). Third, I presented suggestive evidence in Section 4 that the predic-
tive algorithm developed here could be deployed to improve school districts’ personnel
decisions. One could test this proposition by evaluating how deployment of an algorithm
that predicts value-added—for example, from recordings of teacher demo lessons—affects
personnel decisions and student learning. Fourth, future work could improve on the in-
terpretability methods used here, given that my SAE implementation did not recover all
of the signal contained in the full transcript embeddings. Finally, the analysis in Section
6 on human predictions of teacher value-added focused on the beliefs of academic edu-
cation researchers. It would be useful to better understand how different stakeholders
(e.g., principals, students, and parents) form predictions about teacher quality and what
the consequences of these beliefs are. Doing so could both help identify and address bi-
ases in human decision-making and help adjudicate between competing behavioral and

cognitive explanations for large human prediction errors in this domain.
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Tables

Table I: TVA Prediction with Structured Data and Transcripts

Shrunken TVA Unshrunken TVA
(1) (2) 3) (4) (5) (6)
Predicted TVA, Structured Data 0.609* -0.235 0.815 -0.210
(0.367) (0.364) (0.691) (0.692)
Predicted TVA, Transcript Embeddings 1.164***  1.222%** 1.432%%*  1.484***
(0.223) (0.247) (0.411) (0.444)
Residualized on District & Grade FE Yes Yes Yes Yes Yes Yes
Observations 261 261 261 261 261 261
R? 0.011 0.111 0.112 0.007 0.060 0.060
Adjusted R2 0.007 0.108 0.106 0.003 0.056 0.053

Note: Columns 1 through 3 report OLS regressions of teachers’ shrunken (empirical Bayes) value-added on the pre-
dictions formed from the structured data (Column 1), the transcript embeddings (Column 2), and both (Column 3).
Columns 4 through 6 report analogous regressions using teachers’ unshrunken (fixed effect) value-added as the de-
pendent variable. All variables are residualized on school district and grade fixed effects prior to estimation. Robust
standard errors are reported in parentheses. *p<0.1; **p<0.05; ***p<0.01
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Table II: Forecasting Future TVA with Structured Data and Transcripts

Unshrunken TVA, 2013 Student Math Score, 2013
@) 2 (3) ) () (6)
Shrunken TVA, 2011 0.342** 0.158 0.334** 0.132 0.4427*** 0.252**
(0.144) (0.151) (0.140) (0.146) (0.106) (0.112)
Transcript prediction, 2011 -0.164 1.237 0.946"
(0.634) (1.026) (0.483)
Shrunken TVA, 2012 0.511*** 0.558*** 0.518***
(0.181) (0.176) (0.131)
Transcript prediction, 2011-12 0.958 1.697% 1.579**
(0.805) (0.944) (0.633)
Structured data prediction 2.021 0.983 0.664 0.051 -0.081 -0.699
(2.229)  (1.954)  (2434)  (2.233) (1.274) (1.366)
Observations 69 69 69 69 1,485 1,485
R? 0.105 0.227 0.130 0.257 0.668 0.671
Adjusted R? 0.064 0.179 0.089 0.210 0.657 0.660

Note: This table reports OLS regressions testing whether value-added predictions formed from transcript embed-
dings can help forecast final-year outcomes after controlling for observed shrunken (empirical Bayes) value-added
and predicted value-added formed from structured data. Columns 1 through 4 use unshrunken (fixed effect) value-
added in the 2012-2013 school year as the dependent variable. As described in Section 4.2, Columns 1 and 2 use strict
transcript-based forecasts of value-added, while Columns 3 and 4 use leave-one-district-out forecasts. In Columns 1
and 3, I regress unshrunken value-added in 2013 on shrunken value-added in 2011, the prediction derived from the
structured data, and the transcript embedding prediction formed using the teacher’s 2011 transcripts. In Columns
2 and 4, I regress unshrunken value-added in 2013 on shrunken value-added in 2011, shrunken value-added in 2012,
the prediction derived from the structured data, and the word-count-weighted average of transcript embedding pre-
dictions formed using the teacher’s 2011 and 2012 transcripts. These four regressions are estimated only on teachers
for whom all regressors used in Columns 1 through 4 are non-missing. All variables are residualized on school dis-
trict and grade fixed effects prior to estimation. Columns 5 and 6 provide a student-level analogue of this forecasting
exercise: I estimate Equation (2), in which I model final-year math test scores as a function of student and peer char-
acteristics, but replace the teacher fixed effect with the teacher-level predictors used in Columns 1 and 2. Robust
standard errors are reported for Columns 1 through 4; standard errors in Columns 5 and 6 are clustered by teacher.
*p<0.1; **p<0.05; ***p<0.01
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Table III: TVA Prediction with Sparse Autoencoder Activations

Shrunken TVA Unshrunken TVA
Main Sample  Full Sample Main Sample  Full Sample
(1) (2) 3) 4)
Predicted value-added 1.564*** 1.469*** 1.998*** 1.910***
(0.341) (0.329) (0.691) (0.673)
Residualized on District & Grade FE Yes Yes Yes Yes
Observations 261 294 261 294
R? 0.056 0.047 0.032 0.027
AdjuSted R2 0.052 0.044 0.029 0.024

Note: This table reports OLS regressions of teacher value-added on out-of-sample predictions formed from
teacher-level clustered SAE activations, as described in Section 5.2. Predictions are formed by fitting lasso mod-
els to predict shrunken value-added using all teachers except one held-out teacher, then predicting value-added
for the held-out teacher. Columns 1 and 2 use shrunken value-added as the dependent variable, while Columns
3 and 4 use unshrunken value-added as the dependent variable. Within each outcome group, the first column
restricts to the main prediction sample used in Table I, while the second column uses all teachers for whom both
transcripts and value-added data are available. All variables are residualized on school district and grade fixed
effects prior to estimation. Robust standard errors are reported in parentheses. *p<0.1; **p<0.05; ***p<0.01
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Table IV: IPSS-Selected SAE Features (No Controls and PDS Correlations)

Feature | Correlations | Correlations
with with IPSS g- . F1
Num- Shrunken | Unshrunken | (.16 Description Score
ber TVA TVA
No controls: | No controls:
73 -0.231 -0.188 0.047 mentions sitting or chairs 0.990
PDS: -0.157 PDS: -0.149
No controls: | No controls: . o .
mentions the organization of students into
850 0.177 0.124 0.047 ) 0.936
specific teams or groups
PDS: 0.177 PDS: 0.133
No controls: | No controls:
854 0.107 0.017 0.094 mentions the instruction to “switch” 0.802
PDS: 0.107 PDS: 0.018
No controls: | No controls: . L .
mentions a mnemonic involving McDon-
1016 0.085 0.086 0.192 0.198
ald’s and cheeseburgers
PDS: 0.085 PDS: 0.089
No controls: | No controls: teacher explicitly invites a student to come
680 -0.203 -0.194 0.192 up to the front of the classroom or to the | 0.980
PDS: -0.179 PDS: -0.174 board

Note: This table presents the SAE features selected by the IPSS procedure described in Section 5.3. The first
column reports the cluster feature number. The second and third columns report correlations between
teacher-level mean activations and shrunken and unshrunken teacher value-added, respectively. In these
columns, the “No controls” correlation reports the Pearson correlation after residualizing both variables
on district and grade fixed effects, while “PDS” (post-double-selection) reports the correlation after also
partialling out structured predictors selected by double-selection lasso to predict either the SAE feature or
the relevant value-added measure. The fourth column reports the IPSS g-value used for feature selection.
The fifth column reports the natural-language description of the feature generated by having the open-
source LLM Gemma 4 compare transcript segments where the feature is present to those where the feature
is not present. Finally, the sixth column reports the F1 score measuring how well the natural-language
description distinguishes activating from non-activating transcript segments, as described in Section 5.3.
The score ranges from 0 to 1, with higher values indicating better agreement between the description-
based LLM ratings and whether the SAE feature is active in the segment.
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Figures

Figure I: Comparison of Estimated vs. Predicted Teacher Value-Added
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Note: This figure presents binned scatter plots of teachers’ estimated value-added vs. value-added
predictions formed using the structured data and the transcript embeddings. Panels A and B use
shrunken value-added as the dependent variable, while Panels C and D use unshrunken (fixed
effect) value-added. I split teachers into 10 bins based on predicted value-added and plot the
mean value of estimated value-added against the mean value of predicted value-added within
each bin. The regression lines are estimated using OLS on the underlying teacher-level data.
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Figure II: Relationship Between Transcript-Based TVA Predictions and Student Achieve-
ment Under Random Assignment
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Note: This figure presents estimated coefficients from student-level regressions of standardized
state math test scores in the 2012-2013 school year on standardized teacher value-added
predictions formed from classroom transcripts created in the two preceding school years. The
predictions in the first panel are formed using OpenAT’s text-embedding-3-large embedding
model, as described in Section 3.1; the predictions in the second and third panels are formed
using Google’s Gemini Embedding 2 model and a contrastively-fine-tuned version of Google’s
EmbeddingGemma model, respectively, as described in Section 3.4; and those in the fourth
panel are formed by averaging these three sets of predictions and then re-standardizing to have
unit variance. The gray bars present estimates for the observational sample, which consists of
2012-2013 students outside the random-assignment exercise: neither their student roster nor
their actual teacher participated in the exercise. These regressions use the prediction associated
with each student’s actual teacher and include district and grade fixed effects and student
demographic and lagged-test-score controls. The red bars present two-stage least squares (2SLS)
estimates for the random-assignment sample, which consists of students on rosters to which
teachers were randomly assigned. To account for noncompliance with the assigned teacher, the
prediction associated with each student’s actual teacher is instrumented by the prediction
associated with the student’s randomly assigned teacher. These regressions include
randomization block fixed effects, student demographic and lagged-test-score controls, and
assigned-teacher roster mean classmate characteristics. Error bars represent 95% confidence
intervals. Standard errors are clustered by actual teacher in the observational regressions and by
assigned teacher in the random assignment regressions. The dashed horizontal line corresponds
to a coefficient of zero. First-stage F-statistics for the OpenAl, Gemini, EmbeddingGemma, and
ensemble 2SLS estimates are 754.3, 806.3, 3,902.8, and 2,734.6, respectively.
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Figure III: Teacher Hiring

Panel A: Value-Added Distributions Under Two Teacher Selection Policies
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Note: Panel A displays kernel density estimates for two unshrunken value-added distributions:
one for teachers in the top half of predicted value-added within each district based on the
structured data (red distribution) and another for teachers in the top half within each district
based on transcript data (blue distribution). The density estimates are generated using a
Gaussian kernel with bandwidth selection following the method provided by Silverman (1998).
Panel B presents estimates of the increase in mean unshrunken value-added resulting from
using the transcript predictions, rather than the structured data predictions, to choose teachers
within each district, for different fractions of teachers hired (as described in Section 4.1). The
95% conditional bootstrap confidence intervals are based on 1,000 within-district bootstrap
replicates and 200 lesson draws per replicate, holding the fitted prediction models fixed.
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Figure IV: Human Judgment

Panel A: Human Predictions of Value-Added
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Note: Panel A plots the difference between the coefficient from a regression of average predicted
value-added rank on the instructional feature and the coefficient from a regression of average estimated
value-added rank on the same instructional feature. Positive values indicate that the instructional feature
is more strongly associated with predicted value-added rank than with estimated value-added rank. These
regressions include district fixed effects and are estimated separately by instructional feature for the
groups of three teachers used in the value-added prediction exercise described in Section 6. Panel B plots
the difference between the coefficient from a regression of teachers’ whole-lesson MQI scores on the
instructional feature and the coefficient from a regression of teachers’ unshrunken value-added estimates
on the same instructional feature. Positive values indicate that the instructional feature is more strongly
associated with whole-lesson MQI scores than with value-added on state math test scores. The value-added
and whole-lesson MQI regressions include all four MQI instructional features together with district fixed
effects, as described in Section 6. In Panel A, finite-sample t-test p-values come from regressions of
predicted rank minus estimated rank on the instructional feature and district fixed effects; within-district
permutation p-values recompute this coefficient after permuting predicted ranks within district. In Panel
B, p-values come from regressions of standardized whole-lesson MQI minus standardized value-added on
all four MQI instructional features and district fixed effects. The Benjamini-Hochberg g-values adjust these
p-values for multiple testing across the instructional features within each panel.
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A Additional Empirical Results

Figure Al: Forecast Bias Test: Actual vs. Predicted State Math Test Scores
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Note: This figure presents a binned scatterplot of residualized student state math test scores
against residualized teacher value-added forecasts formed by taking the
inverse-variance-weighted mean of the NCTE-provided shrunken year-specific math value-added
estimates from 2009-2012. Both variables are residualized on randomization-block fixed effects,
student demographic controls, lagged-test-score controls, and assigned-teacher roster mean
classmate characteristics. As described in Section 2.2, value-added forecasts are instrumented by
the value-added forecast of the student’s randomly assigned teacher. The red line shows the OLS
fit on the underlying student-level data, and the dashed line is a 45-degree line. Standard errors
are clustered by assigned teacher.
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Figure A2: IV Estimates of Value-Added Forecast Calibration Across Specifications
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Note: This figure presents IV estimates of the slope coefficient from a regression of student state
math test scores on teacher value-added forecasts formed by taking the
inverse-variance-weighted mean of the NCTE-provided shrunken year-specific math value-added
estimates from 2009-2012. The value-added forecasts are instrumented by the value-added
forecast of the student’s randomly assigned teacher. All regressions include randomization block
fixed effects. Each bar corresponds to a different set of controls: no controls, student
demographic variables, student demographic variables and lagged student test scores, and those
same controls plus assigned-teacher roster mean classmate characteristics. Error bars represent
95% confidence intervals, with standard errors clustered by assigned teacher. The dashed
horizontal line corresponds to a coefficient of one, which is the forecast unbiasedness
benchmark.
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Table Al: Alternative TVA Prediction Models, Structured Data

Shrunken TVA Unshrunken TVA
(1) (2) 3) 4) (5) (6)
Predicted TVA, Linear Regression 0.091 0.079
(0.102) (0.187)
Predicted TVA, Ridge 0.402 0.633
(0.409) (0.746)
Predicted TVA, Gradient Boosted Trees 0.432 1.155
(0.501) (0.786)
Residualized on District & Grade FE Yes Yes Yes Yes Yes Yes
Observations 261 261 261 261 261 261
R2 0.003 0.004 0.003 0.001 0.003 0.008
Adjusted R? -0.001 0.0001 -0.001 -0.003 -0.0004 0.005

Note: This table reports OLS regressions of teacher value-added on the value-added predictions formed from

the structured data using linear regression (Columns 1 and 4), ridge regression (Columns 2 and 5), and gradi-
ent boosted trees (Columns 3 and 6). Columns 1 through 3 use shrunken (empirical Bayes) value-added as the
dependent variable, while Columns 4 through 6 use unshrunken (fixed effect) value-added. All variables are
residualized on school district and grade fixed effects prior to estimation. These regressions are analogous to
those reported in Columns 1 and 4 of Table I, except that lasso, rather than the alternative models used here, was
used to form the predictions in Table I. Robust standard errors are reported in parentheses. *p<0.1; **p<0.05;
**%15<0.01
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Table A2: Alternative TVA Prediction Models, Transcript Embeddings

Shrunken TVA  Unshrunken TVA

1) )
Predicted TVA, Linear Regression 0.159*** 0.202**
(0.061) (0.102)
Residualized on District & Grade FE Yes Yes
Observations 261 261
R? 0.026 0.015
Adjusted R? 0.022 0.011

Note: This table reports OLS regressions of teacher value-added on the value-added
predictions formed from the transcript embeddings using linear regression. Col-
umn 1 uses shrunken (empirical Bayes) value-added as the dependent variable,
while Column 2 uses unshrunken (fixed effect) value-added. All variables are resid-
ualized on school district and grade fixed effects prior to estimation. These regres-
sions are analogous to those reported in Columns 2 and 5 of Table I, except that ridge
regression, rather than linear regression, was used to form the predictions in Table
I. Robust standard errors are reported in parentheses. *p<0.1; **p<0.05; ***p<0.01
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Table A3: Alternative TVA Prediction Models, Embedding Algorithms

Shrunken TVA Unshrunken TVA
@ ) ®) 4) ) (6)
Predicted TVA, Gemini Embeddings  1.168*** 1.387%**
(0.218) (0.406)
Predicted TVA, Gemma Embeddings 1.345%** 1.090%
(0.339) (0.652)
Predicted TVA, Fine-Tuned Gemma 1.348*** 1.298***
(0.250) (0.489)
Residualized on District & Grade FE Yes Yes Yes Yes Yes Yes
Observations 261 261 261 261 261 261
R2 0.135 0.059 0.098 0.067 0.014 0.032
Adjusted R2 0.132 0.055 0.094 0.064 0.010 0.028

Note: This table reports OLS regressions of teacher value-added on the value-added predictions formed from the tran-

script embeddings using ridge regression with alternative embedding models: Google’s Gemini Embedding 2 model,
Google’s EmbeddingGemma model, and an EmbeddingGemma model fine-tuned as described in Section 3.4. Columns
1 through 3 use shrunken (empirical Bayes) value-added as the dependent variable, while Columns 4 through 6 use
unshrunken (fixed effect) value-added. All variables are residualized on school district and grade fixed effects prior
to estimation. These regressions are analogous to those reported in Columns 2 and 5 of Table I, except that OpenAI’s
text-embedding-3-large model was used to form the embeddings in Table I. Robust standard errors are reported in
parentheses. *p<0.1; **p<0.05; ***p<0.01
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Table A4: TVA Prediction Using Unshrunken Value-Added Label

Teacher Value-Added (TVA)

) ) 3) )
Predicted TVA, Structured Data 0.028 -0.090
(0.112) (0.100)
Predicted TVA, Transcript Embeddings (Excluding Year) 0.664*
(0.396)
Predicted TVA, Transcript Embeddings 1.207°**  1.252***

(0.273) (0.277)

Residualized on District & Grade FE Yes Yes Yes Yes
Observations 261 185 261 261
R2 0.0003 0.016 0.089 0.092
Adjusted R2 -0.004 0.011 0.086 0.085

Note: This table reports OLS regressions of teachers’ unshrunken (fixed effect) value-added on the predictions
formed from the structured data and the transcript embeddings. The predictions in this table are formed using
teachers’ unshrunken (fixed effect) value-added, residualized on district fixed effects, as the prediction target.
Column 1 uses the prediction formed from the structured data using linear regression. Column 2 uses a pre-
diction formed from the transcript embeddings, where the unshrunken value-added estimate being predicted
is formed without using student outcome data from the transcript year. Column 3 uses a prediction formed
from the transcript embeddings, where the unshrunken value-added estimate being predicted pools data from
all available years. Column 4 includes the predictions from Columns 1 and 3 simultaneously. All variables are
residualized on school district and grade fixed effects prior to estimation. Robust standard errors are reported
in parentheses. *p<0.1; **p<0.05; ***p<0.01
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Table A5: TVA Prediction with Structured Data and Transcripts, Teacher-Year Level

Shrunken TVA Unshrunken TVA
(1) (2) 3) 4) (5) (6)
Predicted TVA, Structured Data 0.024 -0.223 0.019 -0.267
(0.164) 0.163)  (0.337) (0.334)
Predicted TVA, Transcript Embeddings 1.190***  1.277*** 1.196***  1.315%**
(0.238) (0.244) (0.431) (0.438)
Residualized on District & Grade FE Yes Yes Yes Yes Yes Yes
Observations 895 895 895 496 496 496
R?2 0.0001 0.062 0.066 0.00001 0.019 0.021
Adjusted R? -0.001 0.061 0.064 -0.002 0.017 0.017

Note: This table reports OLS regressions of teacher value-added on the value-added predictions formed from the struc-
tured data and from the transcript embeddings. The regressions are estimated at the teacher-year level. I consider as
possible predictors all of the time-invariant structured information, the teacher’s years of experience in that year, and
an indicator for whether the teacher is in their first or second year of teaching. I encode teacher experience in this way
in light of past research that has found the effect of teacher experience on teacher quality to be very non-linear, with
little effect past the first few years (Hanushek 2011). I include all predictors with fewer than 5% missing values across
all teacher-year combinations where I observe value-added (the first- or second-year indicator satisfies this condition)
and exclude teacher-year observations with missing values for any selected predictor. The labels being predicted are
teachers’ year-specific shrunken value-added estimates. The transcript embedding predictions are the teacher-level
predictions from Table I, repeated across years for each teacher. Columns 1 through 3 use year-specific shrunken (em-
pirical Bayes) value-added as the dependent variable (years 2009-2013), while Columns 4 through 6 use year-specific
unshrunken (fixed effect) value-added (years 2011-2013 only). All variables are residualized on school district and grade
fixed effects prior to estimation. Standard errors clustered at the teacher level are reported in parentheses. *p<0.1;
**p<0.05; ***p<0.01

58



Figure A3: Adjusted R? vs. Number of Transcripts Used for Prediction
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Note: The dependent variable is teachers’ unshrunken (fixed effect) value-added. This figure
visualizes how the adjusted R? values of the model specified by Equation (4) (i.e., a regression of
teachers’ unshrunken value-added on the value-added predictions formed from the transcript
embeddings, after residualizing on district and grade fixed effects) change as we vary the
number of transcripts used to form the prediction ¥}, (i.e., the value-added prediction formed
from the transcript embeddings) from one to five. For this exercise, I restrict the sample to all
teachers for whom I have at least five transcripts and for whom }, (i.e., the value-added
prediction formed from the structured data) is non-missing. I randomize the order in which I
draw transcripts. When increasing the number of transcripts used to form ¥} from k to k + 1 (for
ke {1,2,3,4}), I keep the previous k transcripts and add the additional randomly chosen
transcript, rather than randomly reselecting a new set of k + 1 transcripts. The points correspond
to means across 1,000 random transcript orderings. The intervals are 95% confidence intervals
formed using these random orderings.
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Table A6: Separate TVA Prediction with Student and Teacher Embeddings

Shrunken TVA Unshrunken TVA

) ) 3) “)
Predicted TVA from Teacher Embeddings  0.895*** 0.978**
(0.252) (0.487)
Predicted TVA from Student Embeddings 1.235%% 1.195
(0.604) (1.097)
Residualized on District & Grade FE Yes Yes Yes Yes
Observations 261 261 261 261
R? 0.069 0.018 0.029 0.006
Adjusted R? 0.066 0.014 0.026 0.002

Note: This table reports OLS regressions of teacher value-added on predictions formed using
embeddings of only teacher speech (Columns 1 and 3) and only student speech (Columns 2 and
4). Columns 1 and 2 use shrunken (empirical Bayes) value-added as the dependent variable,
while Columns 3 and 4 use unshrunken (fixed effect) value-added. All variables are residual-
ized on school district and grade fixed effects prior to estimation. Robust standard errors are
reported in parentheses. *p<0.1; **p<0.05; ***p<0.01
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Figure A4: Leave-One-District-Out Prediction
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Note: The dashed red lines indicate the adjusted R? values from the model specified by

Equation (4) using the leave-one-district-out transcript prediction procedure. The top panel uses
teachers’ shrunken value-added as the dependent variable, and the bottom panel uses the
unshrunken value-added measures. The histograms show the distribution of adjusted R? across
placebo runs in which teachers are partitioned into random groups matching the size
distribution of the actual districts. All variables are residualized on school district and grade
fixed effects prior to estimation. The sample is the same as in Table I.
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Table A7: TVA Prediction with LLMs

Shrunken TVA Unshrunken TVA
(1) (2) 3) 4)
Predicted TVA, GPT-5.4 0.084*** 0.166***
(0.032) (0.054)
Predicted TVA, Gemma 4 0.062* 0.139***
(0.032) (0.051)
Residualized on District & Grade FE Yes Yes Yes Yes
Observations 261 261 261 261
R? 0.027 0.017 0.037 0.031
Adjusted R? 0.023 0.014 0.034 0.027

Note: This table reports the results of OLS regressions of teachers’ value-added on the
value-added predictions made by GPT-5.4 (Columns 1 and 3) and Gemma 4 (Columns 2 and
4) given teachers’ classroom transcripts. Columns 1 and 2 use shrunken (empirical Bayes)
value-added as the dependent variable, while Columns 3 and 4 use unshrunken (fixed ef-
fect) value-added. All variables are residualized on school district and grade fixed effects
prior to estimation. Robust standard errors are reported in parentheses. *p<0.1; **p<0.05;
***p<0.01
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Figure A5: Teacher Hiring Gains by Teacher Experience and Timing of Lesson
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Note: This figure presents estimates of the increase in mean unshrunken value-added resulting
from using the transcript predictions, rather than the structured data predictions, to choose
teachers within each district, for different fractions of teachers hired. Panel A presents these
estimates separately by teacher experience. Panel B presents these estimates separately by
whether the randomly chosen lesson occurred in the fall or spring, restricting the sample to
teachers with lessons in both parts of the school year. The 95% conditional bootstrap confidence
intervals are based on 1,000 within-district bootstrap replicates and 200 lesson draws per
replicate, holding the fitted prediction models fixed.
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Figure A6: Teacher Hiring, Excluding the Transcript Year from the Outcome

Panel A: Value-Added Distributions Under Two Teacher Selection Policies
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Note: Panel A displays kernel density estimates for two value-added distributions: one for
teachers in the top half of predicted value-added within each district based on the structured
data (red distribution) and another for teachers in the top half within each district based on
transcript data (blue distribution). The density estimates are generated using a Gaussian kernel
with bandwidth selection following the method provided by Silverman (1998). Panel B presents
estimates of the increase in mean unshrunken value-added resulting from using the transcript
predictions, rather than the structured data predictions, to choose teachers within each district,
for different fractions of teachers hired (as described in Section 4.1). In both panels, the
value-added outcome is unshrunken value-added estimated using years other than the year of
the randomly chosen lesson. The 95% conditional bootstrap confidence intervals are based on
1,000 within-district bootstrap replicates and 200 lesson draws per replicate, holding the fitted
prediction models fixed.
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Figure A7: Teacher Hiring, First-Year Lessons and Excluding the First Year from the Out-
come

Panel A: Value-Added Distributions Under Two Teacher Selection Policies
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Note: Panel A displays kernel density estimates for two value-added distributions: one for
teachers in the top half of predicted value-added within each district based on the structured
data (red distribution) and another for teachers in the top half within each district based on
transcript data (blue distribution). The density estimates are generated using a Gaussian kernel
with bandwidth selection following the method provided by Silverman (1998). Panel B presents
estimates of the increase in mean unshrunken value-added resulting from using transcript
predictions formed from first-year lessons, rather than structured data predictions, to choose
teachers within each district, for different fractions of teachers hired (as described in Section
4.1). In both panels, the value-added outcome is unshrunken value-added estimated using only
the last two NCTE Main Study years, excluding the first year used to form the transcript
predictions. The 95% conditional bootstrap confidence intervals are based on 1,000
within-district bootstrap replicates and 200 lesson draws per replicate, holding the fitted
prediction models fixed.
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Figure A8: Relationship Between Predicted TVA from Transcripts and Teacher Character-
istics
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Note: This figure presents coefficient estimates from a regression of predicted value-added from
transcripts on the set of “structured” predictors, estimated jointly in a single regression.
Coefficients that remain statistically significant after a Benjamini-Hochberg false discovery rate
correction at g < 0.05 are shown in dark blue; the remaining coefficients are shown in gray. Error
bars represent 95% confidence intervals. The White race dummy and the fraction of time spent
in a mix of active and small group instruction are omitted to avoid perfect collinearity.
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Table A8: TVA Prediction with Transcript Embeddings, Race and Gender Controls

Shrunken TVA  Unshrunken TVA

@ 2)
Predicted TVA, Transcript Embeddings 1.102%** 1.369%**
(0.239) (0.436)
Residualized on District & Grade FE Yes Yes
Residualized on Race & Gender Yes Yes
Observations 257 257
R? 0.081 0.044
Adjusted R? 0.078 0.040

Note: This table reports OLS regressions of teacher value-added on the value-added pre-
dictions formed from the transcript embeddings, residualizing all variables on teacher
race and gender indicators in addition to school district and grade fixed effects prior to
estimation. Column 1 uses shrunken (empirical Bayes) value-added as the dependent
variable, while Column 2 uses unshrunken (fixed effect) value-added. Robust standard
errors are reported in parentheses. *p<0.1; **p<0.05; ***p<0.01
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Table A9: TVA Prediction with Leave-One-Teacher-Out IPSS-Selected Sparse Autoencoder
Features

Shrunken TVA Unshrunken TVA
Main Sample  Full Sample Main Sample  Full Sample
1) ) ®3) 4)
Predicted value-added 0.628*** 0.644*** 0.855** 0.893***
(0.177) (0.171) (0.342) (0.332)
Residualized on District & Grade FE Yes Yes Yes Yes
Observations 261 294 261 294
R? 0.043 0.043 0.028 0.028
Adjusted R? 0.039 0.040 0.025 0.025

Note: This table reports OLS regressions of teacher value-added on out-of-sample predictions formed from
IPSS-selected teacher-level SAE features, as described in Section 5.3. Predictions are formed by leaving out one
teacher at a time, running IPSS on the remaining teachers using teacher-level SAE activations as features and
shrunken teacher value-added as the outcome, fitting a post-selection linear model on the selected features,
and predicting value-added for the held-out teacher. For each leave-one-teacher-out split, IPSS uses lasso as
the base selector with 250 penalty values, 500 complementary half-sample draws, and the cubic IPSS trans-
formation. Columns 1 and 2 use shrunken value-added as the dependent variable, while Columns 3 and 4 use
unshrunken value-added as the dependent variable. Within each outcome group, the first column restricts to
the main prediction sample used in Table I, while the second column uses all teachers for whom both transcripts
and value-added data are available. All variables are residualized on school district and grade fixed effects prior
to estimation. Robust standard errors are reported in parentheses. *p<0.1; **p<0.05; ***p<0.01
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Table A10: Relationship Between Transcript Predictions and IPSS-Selected Features

Predicted TVA
@) () 3) ) (5) (6)

Feature 73: mentions sitting or chairs—0.485*** —-0.482**%

(0.020) (0.020)
Feature 850: mentions the organiza- 0.283*** 0.291**%
tion of students into specific teams or (0.040) (0.041)
groups
Feature 854: mentions the instruc- 0.195*** 0.196***
tion to “switch” (0.034) (0.034)
Feature 1016: mentions a mnemonic -0.013 -0.019
involving McDonald’s and cheese- (0.052) (0.052)
burgers
Feature 680: teacher explicitly invites -0.215"**-0.200***
a student to come up to the front of (0.021)  (0.021)
the classroom or to the board
Observations 74,516 74,516 74,516 74,516 74,516 74,516
R?2 0.012 0.002 0.001  0.00000 0.002 0.017
Adjusted R? 0.012 0.002 0.001 -0.00001 0.002 0.017

Note: This table reports OLS regressions of value-added predictions formed from the small (approxi-
mately 200 token) transcript segments used in Section 5 on each IPSS-selected SAE cluster activation fea-
ture. The predictions are formed by applying the model fit on larger transcript embeddings in Section 3
to transcript segments from the held-out teacher. These regressions are estimated at the transcript seg-
ment level. Standard errors, reported in parentheses, are clustered at the teacher level.
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Figure A9: Differences Between Whole-Lesson MQI and Alternative Value-Added Coeffi-
cients

Mathematical Precision t-test: p < 0.001, q < 0.001
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Note: This figure plots the difference between the coefficient from a regression of teachers’
whole-lesson MQI scores on the instructional feature and the coefficient from a regression of
teachers’ unshrunken alternative value-added scores on the same instructional feature. Positive
values indicate that the instructional feature is more strongly associated with whole-lesson MQI
scores than with value-added on the end-of-year mathematics tests designed and administered
by the NCTE Main Study team. The instructional features are indices constructed using principal
component analysis on the MQI rubric items, as described in Section 2.3. The alternative
value-added scores are estimates of value-added on scores from an assessment designed by the
NCTE Main Study researchers to measure higher-level mathematics skills that may be
underrepresented on state exams. The two dependent variables and the instructional features
are standardized to have mean zero and standard deviation one. All instructional features are
included in the regressions together with district fixed effects, as described in Section 6. The
p-values come from regressions of standardized whole-lesson MQI minus standardized
alternative value-added on all four MQI instructional features and district fixed effects. The
Benjamini-Hochberg g-values adjust these p-values for multiple testing across the four
instructional features.
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B Additional Prediction Materials

B.1 Zero-Shot LLM Prediction Prompt

The following prompt is used to elicit predictions of teacher effectiveness from GPT 5.4
and Gemma 4, as described in Section 3.4.

Below 1is a transcript from inside an elementary school math classroom.
I would like you to generate a numerical rating from 1 to 5
representing your assessment of how effective the teacher will be at

raising students’ state math test scores, where 1 is extremely
ineffective, 3 is average, and 5 1is extremely effective. Please
adhere to this rating system and avoid inflating or deflating your
rating. Please only output a number (either an -integer or, if needed
, a float) between 1 and 5, without any additional text. When
forming your judgment, please consider everything you know about
what makes an effective teacher and what you think a classroom with
effective teaching looks 1like (including student behavior, 1if
applicable). It s very important that you complete this task to the

best of your ability, so please ensure that your assessment
reflects your best judgment.
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C Feature Generation and Selection

C.1 Sparse Autoencoder (SAE) Architecture and Training Procedure
C.1.1 Notation and Problem Setup

Let X ¢ RDP denote a single input embedding of dimension D = 3072. For a given SAE
seed, let W, e RM*D denote encoder weights, W; € RP*M denote decoder weights, by € RD
denote the input bias, and by, ¢ RM denote the hidden bias.

In my implementation, the Matryoshka dictionary sizes are given by

M = {16, 32, 64, 128, 256, 512}.

At most K = 16 hidden units can be active on every forward pass. Moreover, during
training, the data are processed in mini-batches of size B = 1024. Additionally, let X(/)
denote the j-th sample in the current mini-batch.

The activation function is the rectified linear unit (ReLU) o(z) = max{0, z}. Also define

TopK(u,K) = {i: u;is among the K largest components of u }.

C.1.2 Encoder, Sparsification, and Decoder

The input is first centered and mapped to pre-activations u ¢ RM:

The activation, h e RM is given by

- o(u;) ifieTopK(u,K),

1 .
0 otherwise.

For every m e M = {16, 32, 64,128, 256,512}, define

h(m): hi ifi<m,
' 0 ifi>m,
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and
X(m) - w, h(m) 4 b,

When the full dictionary (m = 512) is used, I abbreviate X = X(512),

C.1.3 Loss Function

Define the batch-normalized mean-squared error

LB x() - x()|2
N g2 1X 15
enorm(X;X) = J

FIE X0 -X3+¢

where B is the mini-batch size, X = % Z?Zl X(), and € = 1072 prevents division by zero.

In addition to the Matryoshka reconstruction objective, [ use an auxiliary loss intended
to prevent features from becoming permanently inactive during training. For each mini-
batch sample j, let D denote the set of “dead” neurons, defined as neurons with activation
h; = 0 for more than 256 consecutive mini-batches. Among these dead neurons, define
AU) as the set of the Kauy = 32 largest pre-activations for sample j, and construct

(7) O‘(ul(])) ifiEA(j),
aux,t 0 otherwise.
Let R() = X() - X(J) denote the main reconstruction residual and let

Rl = Wil

denote the reconstruction of this residual using only the selected dead neurons. I define
the auxiliary loss as

Eaux = enorm(ﬁaux; R);

with gradients from this term flowing through W, and the auxiliary activations but not
through the main residual R.

Let « denote the auxiliary-loss weight, which I set to siz in my implementation. The
mini-batch loss is

! Z enorm(X(m);X) + ot laux.

L= —
|M| meM
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C.14 Training Procedure

I implement the SAE training procedure using the HypotheSAEs package (Movva et al.
2025). I train 10 SAEs with random seeds 1001 through 1010. Each training run uses all
available transcript-segment embeddings, runs for 50 epochs, and uses a learning rate
n of 5 x 1074, The input bias by is initialized to the component-wise median of the em-
beddings, the columns of W; are drawn from a Xavier-uniform distribution and then {,-
normalized, W, is initialized to W}, and by, is set to zero.

For each mini-batch, I compute the mini-batch loss £ as defined above and backprop-
agate to obtain the gradient VL. I then remove the component of the decoder gradient
parallel to each decoder column, clip the global gradient norm to at most 1.0, and perform
a single update with step size n using the Adam optimizer (Kingma and Ba 2017). Finally,
to enforce the decoder’s unit-norm constraint, I renormalize each column of the weight
matrix W to have an {y-norm of 1.

C.2 Clustering Features Across SAE Seeds

Let s € {1001,...,1010} index SAE training seeds, and let h;;(X) denote the activation of
feature i from seed s on embedding X. I cluster the 10 x 512 learned features using ag-
glomerative clustering.

For two learned features a and b, I define the distance

d(a,b) = 5 (1~ cos(wa, w;)) + 5 (1~ max{(he, hy), 0}),

where w, and wy, are the normalized decoder vectors and p(hg, h},) is the correlation be-
tween the two features’ activations on a random sample of transcript segments. Thus,
two features are treated as similar when both their learned directions and their patterns
of activation across transcript segments are similar. I use average-linkage agglomerative
clustering and cut the dendrogram at a distance threshold of 0.35.

For a cluster c, let §. denote the set of seed-feature pairs assigned to that cluster. I
define the cluster activation for embedding X as

1

Ac(X) = 0= 20 hys(X),
|9C| (S:i)ESC

74



and define the cluster presence indicator as
P(X) = 1{ m)ax hi(X) > 0}.

The teacher-level SAE feature used in downstream analyses is the mean of A;(X) across
that teacher’s transcript segments. I refer to each resulting cluster by the cluster feature
number assigned by the clustering algorithm.
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C.3 Feature Prevalence

Appendix Figure Cl reports, for each cluster feature, the share of transcript segments
where at least one member SAE feature is active. Features are indexed by the average
position of their member features in the underlying SAE dictionaries. Activation rates
decrease sharply as the average feature number increases. This is a consequence of the
Matryoshka objective: low-average-index features must be able to by themselves form rel-
atively accurate reconstructions and therefore tend to be broadly useful across segments,
whereas later features specialize in narrower phenomena that are used only when the

larger dictionary is available.

Figure C1: Prevalence of Cluster Features
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Note: This figure displays the prevalence of the cluster features constructed from the multi-seed
Sparse Autoencoder procedure described in Appendix C. It plots, for each cluster feature, the
share of transcript segments where at least one member SAE feature has a non-zero activation.
Formally, this is the mean of the cluster presence indicator P.(X) defined above.
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C.4 Integrated Path Stability Selection

Integrated path stability selection (IPSS; Melikechi and Miller 2025) builds on stability
selection by applying a base variable-selection algorithm repeatedly to complementary
subsamples and tracking how frequently each feature is selected. Rather than evaluat-
ing selection frequencies at a single penalty value, IPSS integrates information over the
regularization path.

IPSS controls the number of expected false positives (EFP) under the assumptions that
the observations are i.i.d. and that features unrelated to value-added are not systemati-
cally selected across repeated random splits of the data beyond what would be implied by
the average sparsity of the base selector, when averaged over the regularization path. Un-
der these assumptions, IPSS provides an EFP score for each feature, defined as the small-
est bound on the expected number of false positives under which that feature would be
selected. IPSS then converts these scores into g-values that approximate the false discov-
ery rate by comparing the EFP bound with the number of selected features.

For the primary feature-selection exercise, I use lasso as the base selector with 500
penalty values, draw 2,500 complementary half-samples of teachers, and use the cubic
IPSS transformation. I use shrunken value-added as the outcome variable and retain fea-
tures with g-values below 0.20.

For the leave-one-teacher-out prediction exercise reported in Appendix Table A9, I
rerun IPSS separately within each training sample. To reduce the computational burden
of this nested procedure, I use 250 penalty values and 500 complementary half-samples
in each split, while otherwise retaining the same specification.
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C.5 LLM Feature Interpretation and Validation

For each IPSS-selected cluster, I select 10 transcript segments with the highest cluster
activations and randomly choose 10 transcript segments where no member feature in the
cluster is active. I provide these positive- and non-activating samples to the open-source
LLM Gemma 4 and ask it to generate a natural-language description by identifying the
most specific attribute present in the highly activating samples but absent from the non-
activating samples.

I evaluate each generated description on a separate scoring sample. For each selected
cluster, I draw 100 new positive-activating segments and 100 non-activating segments and
ask the LLM whether the feature described in the interpretation is present in each seg-
ment. I then compare the resulting annotations with the SAE cluster presence indicator
using the F1 score.

Let i index the 200 scoring samples, let P denote the indices of the positive-activating
samples, let N denote the indices of the non-activating samples, and let a; denote the
binary LLM annotation for sample i. Define

Sp=Ya; and Sy=)> a;.

ieP ieN
Recall is
Sp.
100’
and precision is
_Sp
SP + SN )

The F1 score is .
2 -recall - precision

recall + precision

C.5.1 Feature Interpretation

This prompt is based on the HypotheSAEs prompt, with task-specific instructions added.

You are a machine learning researcher who has trained a neural network
on a text dataset. You are trying to understand what text features
cause a specific neuron in the neural network to fire.

You are given two sets of SAMPLES: POSITIVE SAMPLES that strongly

activate the neuron, and NEGATIVE SAMPLES from the same distribution
that do not activate the neuron.
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Your goal 1is to identify a feature that is present in the positive
samples but absent in the negative samples.

The texts are elementary and middle-school mathematics classroom
transcript chunks.

Look for concrete -dinstructional, conversational, or classroom-
management patterns that distinguish the positive samples from the
negative samples.

POSITIVE SAMPLES:

Rules about the feature you identify:

- The feature should be objective, focusing on concrete attributes
rather than abstract concepts.

- The feature should be present in the positive samples and absent 1in
the negative samples. Do not output a generic feature which also
appears 1in negative samples.

- The feature should be as specific as possible, while still applying
to all of the positive samples. For example, if all of the positive
samples mention Golden or Labrador retrievers, then the feature
should be "mentions retriever dogs", not "mentions dogs" or "
mentions Golden retrievers".

Do not output anything else. Your response should be formatted exactly
as shown in the examples above.

Please suggest exactly one feature, starting with "-" and surrounded by
quotes "". Your response is:
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C.5.2 Interpretation Scoring

This prompt comes from the HypotheSAEs package.

Check whether the TEXT satisfies a PROPERTY. Respond with "Yes" or "No
", When uncertain, output "No". Do not include any other text 1in
your response.

PROPERTY: "{hypothesis}"
TEXT: "{text}"
Output ("Yes" or "No" only):
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C.6 Examples of IPSS-Selected Features Predictive of Value-Added

Table C1: Examples of IPSS-Selected SAE Features

Feature

Number

Top Activating Examples

73

1. teacher: So right now you guys need to sit up. Everybody, sit up including
you. Push in your chairs. Push in your chair. Fix your chair. I know it’s hot.
I know you just came from lunch but it’s not an excuse for you to space out.
Sit properly, feet under your desk, Student S, same with you. Same with you.
Sit properly, your back against your chair. All right and before we get into
our big activity, or lesson I should say for the day because it’s not really an
activity—so yesterday we did questions that had one scale.

2. teacher: Front row, right there. student: [Inaudible] the content. teacher:
Exactly, exactly. Those are, like, prime seats right there. Yeah, right in the
corner. teacher: Okay. teacher: Okay, okay. All set? All right, so let’s do a
little arranging. Yeah, so you know what? Bring a chair over. You want to sit
over here in the chair? student: [Inaudible]. teacher: Okay. Student A, are
you all set? student: [Inaudible].

3. teacher: Stand up. Take that chair and sit right there. Great job. How
did you decide that it was there? student: ‘Cause it’s five-tenths. teacher: It’s
five-tenths. Buthow did you decide as a group that that’s - this particular spot
right there is where it should go? student: Because we started, um, where [in-
audible] and did 10, 20, 30. teacher: So you just counted where one-tenth was
and you went one-tenth, two-tenths, three-tenths, four-tenths, five-tenths?
student: Fifty percent. teacher: One and twenty-five hundredths. You need
to have a seat. student: Can I do one of these?

4. student: He said I cheated because - teacher: No, that’s easy. That’s good.
teacher: Go sit down. teacher: All right, 3, 2, everyone to your seat. Do not
come to me. Go to your seat. I'm coming to you. Go to your seat.

5. teacher: You can [inaudible]. Have a seat. student: [Inaudible]. teacher:
Yes, you can join. [Dinging].

850

1. teacher: Team 2 is getting y’all. 64. 6 to the fourth power, 6 to the fourth
power. 6 to the fourth power. I don’t see where you've calculated the answer.
You're guessing. Did you talk to anybody? student: [Inaudible] teacher: Team
2 got it again. student: [Inaudible]

Continued on next page
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Table C1 - Continued

Feature

Number

Top Activating Examples

2. teacher: Team three. Anything left? Just tell me pass if you don’t have
anything left. It’s okay. student: Pass. teacher: Okay. One minute. Team
four? student: Exponent. teacher: Exponent. Team one. student: Multi-
ply. teacher: Okay, we have multiply. Subtraction? student: We have that.
teacher: We have subtract? Okay. It’s got to be something we don’t have a
form of. student: Expression. teacher: Expression. Okay, team two. stu-
dent: 90 degrees. teacher: 90 degrees. Team three. student: Pass. teacher:
Team four. Equation? [Laughter]

3. student: Contiguous. teacher: Contiguous. Okay. If you used that, mark
it off. Team two. student: Multiply. teacher: Multiply. Team three. student:
Corner. teacher: Corner. We'll just see how many words we come up with.
Team four. student: Parenthesis. teacher: Parenthesis. Team one, do you
have another word? student: Order of operations. teacher: Very good, order
of operations. It’s okay if you run out. Just tell me you pass, okay? Team two?
student: Linking. teacher: Linking. Team three. student: Subtract. teacher:
Subtract. Team four. student: Pattern. teacher: Pattern. Excellent. Team
one. student: Addition. teacher: Addition. Team two. student: Division.

4. teacher: Okay. Decide where you want your tile. The first team’s going to
have to decide what color they are. multiple students: [Multiple comments].
teacher: Okay guys? Can you wait for a moment before you start another
one? Listen. It doesn't make a lot of sense for the two people on the opposing
team to just be sitting there. Okay? One of you does need to be watching the
timer. The other one could be writing out expressions, using those same
numbers to check the opposing team to see if you come up with any of the

same values, right?

Continued on next page
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Table C1 - Continued

Feature

Number

Top Activating Examples

5. teacher: So, right now, just before we get started, I need you all to get in
two teams. I'm gonna tell you what to do. I'm gonna have one team here,
and one team here. Let me count how many students are here today. 2, 4, 6,
8, 10, 12, 14, 15. Ooh, so it’s a little off. We have one extra person. So, what
we’ll do is, one team will have seven, one team will have eight. Okay? So, the
team it could work it either way, because the team that has eight could have
an advantage because they’ll have an extra person that could help them out.
The team that has seven may be at an advantage because they’ll be without a
person, so in case someone else is not too sure - so, it could work out either
way. Student T? It could work out either way. Okay? So, here are your groups.

All right, first person Can you grab a chair, grab your chair and come

up here please?

854

1. teacher: Just make your guess. Switch! Switch! Switch. student: What'’s
so funny? teacher: I'm just looking at discussion, switch. Trying to get my
answer, Student J? Switch. student: [Inaudible]. teacher: I like that. I'm good
at that. student: Nobody’s [Inaudible]. teacher: Favorite president, switch.
student: [Inaudible]. teacher: Good. Don't tell me what to pick. Please tell
me one thing about President Garfield. student: He was the fattest president.
teacher: Good. Yeah, he was like the cat. student: [Inaudible]. teacher: Do
you really know that? student: Yeah. teacher: Really? student: I watched
both movies of [Inaudible]. So do I. He knows [Inaudible]. teacher: And you
don’t? student: No. teacher: Really?

2. teacher: Oh, R & B, yeah. Well, I said between five and four and six, I
said ‘cause like. Like if you didn'’t - for the fifth grade teacher, that'd be a
good question but you can’'t make up other teacher. Switch. student: What's
a BRB? [Inaudible]. teacher: It doesn’t matter, Student L, just answer it. Just
answer it. student: All these just pick on something. Or I can guess some-
thing. Guys [Inaudible]. teacher: Switch. Just, just answer the question. Quit
telling every, switch. All right, switch. Now, this is your last one. student:
[Inaudible] put Wayne for [Inaudible]. I put number one. Mr. W? teacher:
Switch. student: Mr. W, just let you know I put five or I put four.

Continued on next page
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Table C1 - Continued

Feature

Number

Top Activating Examples

3. teacher: Student E, where you going? student: I'll switch with [inaudi-
ble]. teacher: When I ask you to get up and switch, that’s when I want you
to switch. student: Okay. teacher: Are we ready? multiple students: Yes.
teacher: Student E, Student E hasn’t had anybody to switch with. student: I'll
switch with you. teacher: You don’t have anybody to switch with? student:
No, I do. I do.

4. teacher: Yes. We cannot give it to our friends and we don’t know the an-
swer, so let’s first solve it in our heads and then we’re gonna pass it on, ‘cause
we need to know if they’re right or wrong, right? All right, get busy. Should
take you maybe a minute and you switch. [Long pause] teacher: You did it?
Oh, you switched already? student: No. teacher: No, okay. student: Are we
supposed to do one?

5. teacher: Mm-hmm. Student J will be the writer and Student S will be the
writer. It don’t work that way this time. So when I say switch, whoever is writ-
ing needs to pass that pen to the next person. And when I say switch again,
whoever is writing needs to pass it on to the next person. But everybody else
needs to be doing some work while that person is writing. Correct? multiple
students: Yes. teacher: We got it? multiple students: Yes. teacher: One more
time. Student J, what are we looking for? student: Givens. teacher: What are
the givens? student: That five children want to get three slices.

1016

1. teacher: And how Mc Donald’s wanted to what - what would you want it
to do? student: You want it to sell more burgers. teacher: Remember the Mc
Donald’s case where you were the CEO and you decided you wanted to build
a Mc Donald’s in China? This is the second part to our problem. The new Mc
Donald’s case. You ready? multiple students: Yes.

2. teacher: There’s no remainder, so McDonald’s does not sell cheeseburgers
raw today. McDonald’s does not sell cheeseburgers raw today. Excuse me,
Teacher D, I'm taping - Teacher D, excuse me, I'm taping right now. Thank
you. That’s okay, things happen. It’s the end of the year. We forget. Where
was I? We just realized McDonald’s doesn'’t sell cheeseburgers raw. Why does
McDonald’s not sell cheeseburgers raw today? teacher: There isn’t a remain-
der. That could be a good thing because McDonald’s don’t want to get anyone
sick. All right, so another way we can do this. Now, we can go back. We can
check, right? We have an answer right here. Who remembers what we call
the answer when we're doing division? What is his name? Student H?

Continued on next page
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Table C1 - Continued

Feature

Number

Top Activating Examples

3. teacher: Butifit’s something that we can remember, that’s engaging to you
little people, hey, I don’t mind trying it. So, divide, multiply, subtract, com-
pare, sometimes a remainder. I always take each letter from this, and I come
up with something different. And I usually say, sometimes, “Does McDon-
ald’s sell cheeseburgers?” That’s a question. Does McDonald’s sell cheese-
burgers? And I could always ask, “What about do they sell them raw?” Be-
cause sometimes we need that remainder. So, that’s a silly little saying so
that you can remember the steps, D, M, S, C, sometimes R. Does McDonald’s
sell cheeseburgers raw? We have to divide, multiply, subtract, compare, and
sometimes a remainder. Yes? student: My [inaudible] teacher, she does just
“Does McDonald’s sell cheeseburgers.”

4. teacher: I'm glad you guys are all - I love your enthusiasm. We just have to
make sure we’re working within the rules. So after we multiply this, you're
going to subtract it just like you always do. 39 minus 36 is 3, and what are we
going to do with the next digit here, 82 We've come up with our little helper
to make sure we understand all the skills here in long division, and that is
Mc Donald’s serves burgers. We've multiplied and got a 36. That’s the M. We
subtracted 36 from 39. That’s the S, and then we brought down the 8. That’s
the B, bring down. So we’re going to start the process all over again. You
have a question? student: [Inaudible].

5. teacher: So we could still do that with long division, right? Does 4 go into
1?7 Remember, does Mc Donald’s serve cheeseburgers? Duh, then we check
it. Does 4 go into 1? multiple students: No. teacher: So what is it? multiple
students: 0. teacher: Then I multiply. What'’s 4 times 07 multiple students:
0. teacher: What property is that? multiple students: 0. teacher: 4 minus 0,
Student C. student: 4 minus 0? 1. teacher: This is the part where everyone’s
getting stuck. Do what? multiple students: [Inaudible]. teacher: Or burgers.
Whatever you like best. So now I have a 1 and I bring down the 0. Does 4 go
into 10? multiple students: Yes. multiple students: No.

Continued on next page
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Table C1 - Continued

Feature Top Activating Examples
Number
680 1. student: I multiplied the - teacher: Bring down. Bring down. Fabulous,

Student T. Okay, let’s look at the front. Turn your papers over. Is there any-
body that would like to - anybody that would like to come up? Oh, I have a
few volunteers. Okay. teacher: Student L, would you like to come up? You
are. No? student: Pass. teacher: Okay, Student J, would you like to come up?
student: No. student: I didn't do anything on the front. teacher: You didn’t
do anything on the front, on this side? student: No, I didn't get it. teacher: I
didn’t see your hand up. Student J, would you like to come up? student: Uh.
teacher: Student J? Student L? student: Can I just go up. teacher: Student C?
Would you like to come up?

2. teacher: What we’re gonna do is I have a sheet. You're gonna use the in-
formation to help collect some data about classmates alright. Um, I actually
need a volunteer. Um, Student T come on up. you're actually gonna be work-
ing in pairs when doing this. can you come stand right over here for me?

3. teacher: Okay. If you can get this drawn out, I would like you to come up
and show it. Perfect. Would you be willing to come up and show that? What
do you put there? Okay. Would anyone like to come up and show what they
came up with for an answer, and I can move my stuff out of the way, and move
this, and turn it back. Feeling brave? Student M, come on up. Remember to
speak up a little bit so we can hear you. You can sit in the chair if you want.
What did you do up here, Mr. M? student: I drew a square and cut it into
thirds. I shaded in two of them. Then I drew another square and subtracted
it. teacher: Okay. SO you drew another square and subtracted 1? Got it.

4. teacher: I was going across. All right, let’s look at the next one. We're
gonna do a couple more. up here and do the next one for me. First 'm going
to write the problem down, and then I need someone to come up and show
me. 5 and 2-ninths plus 3 and 1-ninth. Someone come up here. Student J.
Talk to us. student: [Inaudible].

Continued on next page

86




Table C1 - Continued

Feature Top Activating Examples

Number

5. student: I came up with the 4th floor. teacher: I'm going to ask Student D
to come up and draw what she did, because I think this will give you a very
great visual. Okay. Come on up and show me how you solved your problem.
What I want you to do as an audience to be respectful, please put the caps
on the dry erase markers, place the dry erase markers in front of you. Have
body control. Your eyes are on the presenter, because if you were up there
presenting, you would want respect from your classmates. Student D, do you
mind talking while you're doing it? What are you doing? student: [Inaudible].

Note: This table reports the top activating transcript-segment examples used to interpret
each IPSS-selected SAE feature.

C.7 Stability-Selected Features Predictive of Whole-Lesson MQI Scores

Table C2: IPSS-Selected SAE Features for Whole-Lesson MQI

Feature | Correlation| Correlation | IPSS q- | EFP Description F1
Number | with with Resid- | value Score Score
Whole- ualized Un-
Lesson shrunken
MOQI TVA
271 0.289 0.111 0.050 0.078 the teacher explicitly uses the word | 0.942

“prove” or “proof” to instruct stu-
dents to justify their mathematical

answers

1007 -0.314 -0.081 0.050 0.102 contains teacher singing or singing | N/A
nursery rhymes

687 0.145 -0.021 0.050 0.151 mentions the word “net” or “nets” | 0.880
in the context of 3D shapes being
flattened

614 0.186 0.066 0.053 0.254 mentions the substitution of spe- | 0.131

cific letters (like F or S) for numer-

ical values in equations or expres-

sions

Continued on next page
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Table C2 - Continued

Feature | Correlation| Correlation | IPSS g- | EFP Description F1
Number | with with Resid- | value Score Score
Whole- ualized Un-
Lesson shrunken
MOQI TVA
1066 0.238 -0.021 0.053 0.265 teacher explains the conceptual | 0.383
reasoning or the “why” behind a
mathematical process or rule
339 0.346 0.138 0.112 0.974 discussions or questions regarding | 0.450
the definition or naming of a “strat-
egy”
894 0.314 0.046 0.112 1.023 teacher discusses alternative or | 0.554
more efficient mathematical meth-
ods or procedures
85 0.341 0.119 0.112 1.061 mentions the specific phrases | 0.630
“what do you notice” or “what do
you observe”
801 0.239 0.019 0.112 1.094 mentions the word “pieces” 0.970
993 -0.322 0.011 0.112 1.118 mentions specific geographic loca- | 0.434
tions, celebrities, or famous land-
marks/attractions
102 -0.067 0.064 0.134 1.475 mentions the act of choosing or | 0.985
making a choice

Note: This table presents the SAE features selected using the IPSS procedure described in Section 5
to predict teachers’ whole-lesson MQI scores. The first column reports the cluster feature number.
The second column reports the Pearson correlations between teacher-level mean activations and
teachers’ whole-lesson MQI scores. The third column reports the correlation between teacher-
level mean activations and unshrunken teacher value-added after residualizing value-added on
school district and grade fixed effects. The fourth and fifth columns report the IPSS g-value and
expected false-positive score used for feature selection. The sixth column reports the natural-
language description of the feature generated by having the open-source LLM Gemma 4 compare
transcript segments where the feature is present to those where the feature is not present. Finally,
the seventh column reports the F1 score measuring how well the natural-language description
distinguishes activating from non-activating transcript segments, as described in Section 5.3. The
score ranges from 0 to 1, with higher values indicating better agreement between the description-
based LLM ratings and whether the SAE feature is active in the segment. For Feature 1007, the F1
score is reported as N/A because the LLM did not classify any scored segments as positive, making
precision and the F1 score undefined.
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D Additional Details on Data Construction

D.1 Teacher Value-Added
D.1.1 Value-Added Model Components

In the model
AT T T T
it = Ay g XS B P SHE P+ e+ Op € ks (1)

a; j .+ represents the rank-based mathematics state test score for student i in class j
taught by teacher k during school year ¢, standardized at the district, grade, and subject
level. A; ;_; captures prior student performance. Itincludes a cubic polynomial of student
U's mathematics state test score a; ;_; in the previous school year, an interaction term be-
tween the prior score and the grade level of the current test, and student i’s previous-year
score ag’ ., on the state English exam. §; ; includes the following student characteristics:
gender, race and ethnicity, eligibility for free or reduced-price lunch, English Language
Learner status, and special education designation. P;  + Tepresents peer influences and

includes the means of the characteristics in §; ; among students in class j, the means of
/
it-1
!
for a;; ; and a]

a; ,_1anda’,  among studentsin class j, the fraction of students in class j missing scores
gl

1 and the number of students in class j. P;; ; also includes the same
variables measured at the school-grade level, where the number of students in class j is
replaced by the number of students in the grade. E; ; contains fixed effects for student s
district and for the grade-year cell in which student i takes the test in year ¢.  and 0y ;
capture teacher and teacher-year random effects, respectively, and ¢; ; ; ; is an idiosyn-

cratic error term.

D.1.2 Comparison of Value-Added Estimates Across Samples

This section compares the shrunken value-added estimates provided by Kane et al. (2015)
with those obtained by estimating Equation (1) using the data available to me, which
cover only the 2010-2011, 2011-2012, and 2012-2013 school years and only include students
whose teachers participated in the study.

We observe that the two sets of estimates are highly correlated, with a Pearson cor-
relation coefficient of 0.861. Moreover, Appendix Table D1 shows that a regression of the
NCTE-provided estimates on the ones I compute yields a coefficient statistically indistin-
guishable from 1 (the point estimate is 0.976 with a standard error of 0.035).
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Table D1: NCTE-Provided vs. Restricted-Sample Shrunken Value-Added

NCTE-Provided shrunken value-added

Restricted-sample shrunken estimate 0.976***
(0.035)
Constant 0.006
(0.004)
Observations 309
R? 0.741
Adjusted R? 0.740

Note: This table reports the estimates from an OLS regression of the NCTE-provided
shrunken value-added estimates on shrunken estimates computed by estimating Equa-
tion (1) on the restricted sample available to me. Robust standard errors are reported in
parentheses. *p<0.1; **p<0.05; ***p<0.01

D.1.3 Forecast Bias Test

Leta; ; i 2013 denote student i's standardized state math test score in the random-assignment
year, and let i 13 denote the inverse-variance-weighted mean of the NCTE-provided
shrunken year-specific math value-added estimates from 2009-2012.

If students perfectly complied with their teacher assignments, one could test for fore-
cast unbiasedness by testing whether the slope 7 in the regression

—~-2013
4i,j,k,2013 = THy) — F Cly + My + & (6)

is equal to one, where k(i) is student i's actual teacher, Ay ;) are randomization-block fixed
effects, and C; is an optional vector of controls. To account for noncompliance, I estimate
T using two-stage least squares (2SLS), instrumenting the effectiveness of a student’s ac-
tual teacher with the effectiveness of their randomly assigned teacher. The first stage

regression is

—~-2013 —-2013
By~ = Ay * Cik + Apgqy + Vi) (7)

and the second-stage regression is (6), where II;(ZSB is replaced by its fitted value from

(7). The estimation sample consists of 61 assigned teachers and 827 students. The first-
stage regression has an F-statistic of 4,827.3, indicating that the instrument is sufficiently
strong.

In Appendix Figure Al, I visualize the second-stage regression with a binned scatter-
plot, using prior student performance A; 4 1, student demographics S; ;, and the mean
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characteristics of the students assigned to the same teacher as the control variables C;.
The estimated Tis 1.09 with a standard error of 0.09, meaning that we cannot reject the null
of forecast unbiasedness. Appendix Figure A2 shows the estimated T and corresponding
95% confidence interval obtained across specifications with no controls, student demo-
graphics, student demographics and prior student performance, and those same controls
plus assigned-teacher roster mean classmate characteristics. The confidence intervals in-
clude one across all specifications.

D.2 Selected Structured Predictors

The structured prediction model uses the following 59 teacher characteristics. Except
for mean years of teaching experience, each has fewer than 5% missing observations
among teachers with value-added scores: Math Content Courses, Math Teaching Meth-
ods Courses, Undergraduate or Graduate Degree in Math, Undergraduate Degree in Ed-
ucation, Elementary Mathematics Certification, Master’s Degree, National Board Certi-
fication, Hispanic, Black, White, Asian, Multiracial, Other Race, Missing Race, Positive
Climate (CLASS), Negative Climate (CLASS), Teacher Sensitivity (CLASS), Regard for Stu-
dent Perspectives (CLASS), Behavior Management (CLASS), Productivity (CLASS), Instruc-
tional Learning Formats (CLASS), Content Understanding (CLASS), Analysis and Inquiry
(CLASS), Quality of Feedback (CLASS), Instructional Dialogue (CLASS), Student Engage-
ment (CLASS), Active Format (MQI), Both Active and Small Group Format (MQI), Small
Group Format (MQI), Direct Instruction (MQI), Working on Applied Problems (MQI), Class-
room Work Connected to Mathematics (MQI), Whole-Class Discussion (MQI), Linking and
Connections (MQI), Explanations (MQI), Multiple Procedures or Solution Methods (MQI),
Developing Mathematical Generalizations (MQI), Mathematical Language (MQI), Overall
Richness of Mathematics (MQI), Remediation of Student Errors and Difficulties (MQI),
Responding to Student Mathematical Productions (MQI), Overall Working with Students
and Mathematics (MQI), Major Mathematical Errors (MQI), Imprecision in Language or
Notation (MQI), Lack of Clarity in Presentation of Mathematical Content (MQI), Over-
all Errors and Imprecision (MQI), Students Provide Explanations (MQI), Student Mathe-
matical Questioning and Reasoning (MQI), Enacted Task Cognitive Activation (MQI), Stu-
dent Participation in Meaning-Making / Reasoning (MQI), Orienting (MQI), Summariza-
tion (MQI), Checking Broadly for Understanding (MQI), Differentiated Instruction (MQI),
Whole-Lesson MQI Score, 5-Point Scale, Whole-Lesson MKT Score, 5-Point Scale, Mathe-
matical Knowledge, Knowledge of Student Performance, Mean Years of Teaching Experi-
ence.
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D.3 Summary Statistics

Table D2: Summary Statistics of Selected Teacher Characteristics

Statistic Mean  St. Dew. Min Max
Math Content Courses 1.478 0.831 0 3
Math Teaching Methods Courses 1.338 0.775 0 3
Undergraduate or Graduate Degree in Math 0.058 0.233 0 1
Undergraduate Degree in Education 0.532 0.500 0 1
Elementary Mathematics Certification 0.155 0.362 0 1
Master’s Degree 0.766 0.424 0 1
National Board Certification 0.014 0.119 0 1
Mean Years of Teaching Experience 10.388 7.193 0.000 36.500
Hispanic 0.029 0.167 0 1
Black 0.212 0.410 0 1
White 0.651 0477 0 1
Asian 0.029 0.167 0 1
Multiracial 0.011 0.104 0 1
Other Race 0.025 0.157 0 1
Missing Race 0.043 0.204 0 1
Male 0.168 0.374 0 1
Whole-Lesson MQI Score, 5-Point Scale 2.943 0.471 1.667 4.500
Shrunken Value-Added on State Math Test Scores 0.007 0.148 -0.475 0.446
Unshrunken Value-Added on State Math Test Scores ~ —0.025 0.269 -0946  0.683

Note: This table presents summary statistics for a selected set of teacher characteristics for the 278
teachers for whom all of these variables are non-missing. I include teacher characteristics with fewer
than 5% missing values among the set of teachers with value-added scores, and I additionally include
teachers’ mean years of experience. I do not report summary statistics for each classroom observation
category but instead report summary statistics for the whole-lesson MQI score, which reflects raters’
assessment of the overall quality of the lesson. Math Content Courses and Math Teaching Methods
Courses are coded such that a value of zero indicates that the teacher took no such courses, a value of
one indicates that the teacher took one or two such courses, a value of two indicates that the teacher
took three to five such courses, and a value of three indicates that the teacher took at least six such
courses.

D.4 Indices of Instructional Practices
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Table D3: Classroom Observation Variables Used in Index Construction

Index Name Instrument Component Variables

Emotional Support CLASS Positive Climate, Teacher Sensitivity, Re-
gard for Student Perspectives

Instructional Support CLASS Instructional Learning Formats, Content

Understanding, Analysis and Inquiry,
Quality of Feedback, Instructional Dia-

logue

Classroom Organization CLASS Negative Climate, Behavior Manage-
ment, Productivity

Student Engagement CLASS Student Engagement

Math Richness MQI Linking and Connections, Explanations,

Multiple Procedures or Solution Meth-
ods, Developing Mathematical General-
izations, Mathematical Language
Working with Students MQI Remediation of Student Errors and Dif-
ficulties, Responding to Student Mathe-
matical Productions in Instruction
Errors and Imprecision MOQI Major Mathematical Errors, Imprecision
in Language or Notation (Mathematical
Symbols), Lack of Clarity in Presentation
of Mathematical Content
Student Participation in Meaning- MQI Students Provide Explanations, Student
Making and Reasoning Mathematical Questioning and Reason-
ing, Enacted Task Cognitive Activation

Note: This table presents the classroom observation variables used to construct the indices used
in Section 6.
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D.5 Example Classroom Transcript

Figure D1: Example Transcript Excerpt

speaker text

teacher Friends, yesterday we started off by working on some word problems together, yes?

student Yes.

teacher And yesterday towards the end of the period, you got a word problem given to you that you had to draw a picture to show it, and you
had to do the math problem to show it, yes?

multiple students | Yes.

teacher Some of you might be done. If you are finished, then you can just look over it to make sure that you are happy with the way that it is.
And if you are not done, now is your time to get it done. I'm gonna set about ten minutes on my timer. And if we need less time than
that, then we will take less time. But I'm gonna give you at least ten minutes to finish it up. And then we're gonna start something
new. So my timer is set for ten minutes. You get ten minutes to finish it up.

student Can we find new ways to check it or [inaudible]?

teacher Well, the best way to check it is going to be to draw the picture and do the math part of it. So let's look at what you have. A lawn
mower holds three fourths a gallon of gas. So I'd be drawing that picture. | could be drawing a whole gallon cut into fourths with
three of it filled.

student Can you [find] the gallon?

student | don't know how to.

teacher | guess draw it — basically remember yesterday when | showed you the cups, like a cup of cheese. You're just drawing a container and
cut into fourths because you need to have three-fourths of it filled. So that's the whole amount.

student | can make it like that. That's the way it fills up the gas.

teacher That works. So now show three fourths of that.

student I'm pretty [inaudible].

teacher You might wanna draw it a little bit bigger. Like | wanna show this. Like yesterday when we were talking about the cheese | showed
you a picture. And | said that she needed three fourths. So that's one fourth, two fourths, three fourths, four fourths would be the
whole thing. And | said that she had to have this much, right?

student Mm-hmm.

teacher Do the same thing with what you're doing there but with a gallon of gas. I'm talking to you just in case. Draw a picture of how much
she would have in all with the new color. Basically a picture of your end result. Let me see what you got going on here.

student He's using my pencil.

teacher That's what you have going on? Because Student H was using your pencil?

student Yeah.

teacher So four, five.

student At first [inaudible].

teacher I'm writing it upside down. Hold on. Let's turn it around [inaudible]. There we go.

student [Inaudible]. And then she erased it.

teacher So basically Student J trying to get to the last house, right?

student Mm-hmm.

teacher And how far is it, the whole distance?

student Four fifths a mile.

teacher Four fifths a mile. And she's already walked half. And you're trying to find how much further she has to go. So you say that four fifths
is your total and that she's already done half, right? So you jot down your LCM is ten. So you know it is tenths. So your answer is
three tenths of a mile. So let me see your picture. So you need to label your picture. So you're still working on it.

student Student J here. Student | here. And then four fifths in the middle and put a line here.

student No, we put right here or right in the middle.

Note: This figure presents the first 30 rows of the NCTE Main Study utterance-level transcript
data as prepared by Demszky and Hill (2023).
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D.6 Human Value-Added Predictions

In this section, I explain how I construct the dataset of human value-added predictions
used in Section 6.

I observe teacher identification numbers for the 27 teachers included in the value-
added prediction exercise described in Section 6, which allows me to link these teachers
with their characteristics and value-added scores.*’ In addition, I observe the mapping
between estimated value-added ranks and predicted value-added ranks within each dis-
trict via Figure 2 of Hill et al. (2013), which is reproduced here as Appendix Figure D2.48 In
Hill et al. (2013), school districts are identified with letters (B, G, and R); I map these onto
the district numbers observed in the NCTE Main Study data based on the data provided
in Table 1 of Hill et al. (2013) on student demographics disaggregated by school district.
District B corresponds to District 11, District G corresponds to District 14, and District R
corresponds to District 12.

Given that I observe teachers’ value-added scores and the mapping from estimated
value-added rankings to predicted value-added rankings within each district, I should in
principle be able to reconstruct the within-district value-added rankings used by Hill et al.
(2013) and use Appendix Figure D2 to identify the predicted value-added rank for each
teacher. However, the analysis conducted in Hill et al. (2013) used value-added scores
constructed with data only through the 2011-2012 school year, whereas the value-added
estimates I observe make use of an additional year of data.

I can, however, closely approximate the value-added scores used in Hill et al. (2013)
by computing the simple mean of the NCTE-provided year-specific shrunken value-added
estimates through the 2011-2012 school year. These means need not line up exactly with
the shrunken teacher value-added estimates one would obtain by estimating Equation (1)
using data through the 2011-2012 school year, but they are close approximations. For ex-
ample, if one regresses the NCTE-provided all-years shrunken value-added estimate on
the simple mean of the year-specific shrunken estimates across all years, the resulting
model has an adjusted R? of 0.96. Thus, using the mean of the year-specific value-added
estimates through the 2011-2012 school year is likely to allow me to correctly place teach-
ers into the appropriate estimated value-added quintile (given that teachers are chosen
from the first, third, and fifth value-added quintiles, creating substantial separation in
value-added scores between the groups).

#'The teacher identification numbers were provided by Mark Chin via email.

“8For example, Appendix Figure D2 shows that the teacher with the highest value-added score in District
B (i.e., the teacher with an estimated rank of nine) was predicted to have the lowest value-added score (i.e.,
the teacher has a predicted rank of one).
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Appendix Figure D3 plots these means in order of increasing value-added within each
district. We observe that there is generally a clear separation of teachers into low, medium,
and high value-added groups based on these means and that each group contains three
teachers, consistent with the design of the experiment.*® Note, however, that distinguish-
ing between teachers within a value-added quintile may be less reliable (e.g., all three
teachers in the middle group in District 12 have similar mean value-added scores). Thus,
my analysis treats the groups of three teachers based on estimated value-added, as op-
posed to individual teachers, as the unit of analysis.

Figure D2: Mapping Between Estimated Value-Added Rank and Predicted Value-Added
Rank

District B District G District R
Guessed VA Quintile Actual VA Quintile Guessed VA Quintile Actual VA Quintile Guessed VA Quintile Actual VA Quintile
B9 Bl G1 G1 R3 R1
Low BS B2 Low G7 G2 Low R2 R2 Low
B8 B3 G8 G3 R1 R3
B6 B4 G4 G4 R6 R4
Mid B3 B5 Mid G6 G5 Mid R7 R5 Mid
Bl B6 G5 G6 R4 R6
B2 B7 G3 G7 R9 R7
High B4 B8 High GS G8 High R8 R8 High
B7 B9 G2 G9 R5 R9

Note: This figure, which is Figure 2 of Hill et al. (2013), provides data on the value-added
predictions made by the experts in the exercise described in Section 6. For each of the three
districts involved in the analysis, the “Guessed VA Quintile” column shows the ordering of
teachers based on predicted value-added, while the “Actual VA Quintile” column shows the
ordering of the same teachers based on estimated value-added.

4Even in District 12, where the separation between the middle and high value-added groups is less visu-
ally clear than elsewhere, the difference in mean value-added scores between the sixth- and seventh-ranked
teachers is still over a third of a standard deviation.
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Figure D3: Mean Value-Added Through the 2011-2012 School Year
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Panel C: District 14 (G)
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Note: This figure plots the means of the year-specific shrunken value-added estimates through
the 2011-2012 school year for the teachers included in the value-added prediction exercise
described in Section 6. Within each district, observations are ordered by value-added rank,
where a higher value-added rank corresponds to a higher value-added score.
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