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Classroom observations play a central role in 
education evaluation and improvement efforts 
(Cohen & Goldhaber, 2016; Hill & Grossman, 
2013). Policies focused on both teacher profes-
sional development and evaluation are predi-
cated on the ability to measure “good teaching” 
in consistent and fair ways. Gauging teachers’ 
effectiveness through classroom observations 
also has the added benefits of focusing on class-
room processes and providing intuitive and 
actionable feedback to teachers on areas for 
improvement, unlike teacher “value-added” or 
other measures based on student test scores. In 
practice, structured observation tools are used in 
districts across the country to evaluate whether 
and to what extent teachers, from early childhood 
to high school levels, are demonstrating certain 

teaching practices known to support student 
engagement and learning (Kane & Staiger, 2012; 
Pianta & Hamre, 2009).

Despite their ubiquity, such measures are 
prone to a range of measurement issues, includ-
ing unreliable and biased raters (Bell et al., 2018; 
Ho & Kane, 2013; Kraft & Gilmour, 2017), vari-
ability by lesson, time within a lesson, time of 
year, and content of instruction, and the shifting 
and evolving nature of student–teacher interac-
tions (Cohen et  al., 2018; Hill et  al., 2012; Joe 
et al., 2015; Meyer et al., 2011; Pianta & Hamre, 
2009). The issue of temporal fluctuation is par-
ticularly noteworthy, given that many teachers 
are observed no more than 1 or 2 times per year 
(Cohen & Goldhaber, 2016). Inferences made 
about teaching quality, and associated supports 
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provided via coaching or other forms of profes-
sional development, may result from data that 
misrepresent a teacher’s general instructional 
patterns and/or needs. Even if the data are repre-
sentative, the feedback afforded by a summary of 
multiple classroom observations is often neither 
nuanced nor specific enough for teachers to 
improve their instruction in individual lessons, 
particularly as instructional needs may also fluc-
tuate over time (Muijs et  al., 2018). Moreover, 
traditional observational methods rely on the 
fundamental assumption that “good teaching” is 
characterized by visible features of instruction 
(Cohen et  al., 2020; Kane & Staiger, 2012). 
There may well be less readily observable aspects 
of teaching that could provide valuable formative 
information for teachers, coaches, and school 
leaders about patterns of interaction or dialogue 
in classrooms. This creates inherent limitations 
to observation-based systems for formative and 
summative assessments of teachers.

Recent advances in computational linguistic 
methods offer a potentially transformative com-
plement to these issues with traditional class-
room observations. It is challenging for human 
raters to keep track of multiple teacher practices 
simultaneously, especially those requiring high 
cognitive loads, and score them without idiosyn-
cratic and biased judgments based on their own 
experiences with a teacher (Kraft & Gilmour, 
2017). Computers, instead of raters, can quickly 
process transcripts from a large volume of class-
room videos and provide automated assessments 
of specific features of high-quality teaching, 
including those that are less readily visible. 
Instead of solely relying on expensive “masters 
raters,” such as those used for a time in 
Washington D.C.’s IMPACT evaluation system 
(Dee & Wyckoff, 2015), or principals who are 
notoriously biased (Bell et  al., 2018) and time-
strapped (Grissom et al., 2013), text-based met-
rics could provide distinct and multifaceted 
insights into classroom practices and processes.

From a policy perspective, this could pay divi-
dends down the road, despite a substantial upfront 
investment in infrastructure for a text-based sys-
tem, including classroom microphones, recording 
devices, software for transcription, and data anal-
ysis. Once classrooms were set up to capture 
audio data, and schools and districts had systems 
for transcribing and processing such data, these 

systems could support the collection and analysis 
of a voluminous amount of information about 
teaching. Although such data might be helpful in 
enhancing teacher evaluation systems by provid-
ing insight into less readily visible aspects of 
teaching, it could be far more helpful for costly 
improvement systems like professional develop-
ment and coaching.1 Information about teaching 
is central to many professional development 
models (Allen et  al., 2011; Kraft et  al., 2018). 
Teachers’ practice can shift from day to day in 
ways that are sometimes hard to detect by human 
raters, and text-as-data methods have the poten-
tial to provide a more comprehensive portrait of 
instruction, less limited by human observers’ 
capacity. Such methods may also provide teach-
ers an opportunity to receive immediate and more 
specific feedback that is perceived as less-threat-
ening and more objective than that provided by a 
principal (Kraft & Gilmour, 2017).

A few recent studies have demonstrated the 
potential utility of this approach. For example, 
Kelly and colleagues (2018) used both automatic 
speech recognition and machine learning to detect 
teachers’ use of authentic questions, an important 
dimension of classroom discourse (Mehan, 1979; 
Tharp & Gallimore, 1991). Relatedly, Wang et al. 
(2013) used an automated speech recognition tool 
to classify the interaction patterns between teach-
ers and students and provide timely feedback to 
teachers that could help them monitor students’ 
active participation in classroom discussion. While 
both studies demonstrate the potential of computa-
tional techniques in measuring teaching practices 
in some ways, they only focus on a single aspect of 
teaching, and neither of them corroborates the rela-
tionship between computer-generated measures 
and classroom observation scores and student out-
comes (Kane & Staiger, 2012). Such convergent, 
discriminant, and predictive validity evidence is 
instrumental in illuminating the affordances and 
constraints of new ways of measuring teaching.

As a proof of concept, we explored the use of 
novel text-as-data methods to develop automated 
and objective measures of teaching practices. 
Drawing on research from instructional science 
and related disciplines such as social psychology, 
we leveraged computational power to analyze 
detailed transcripts of classroom conversations 
and generate measures of classroom dynamics 
that include aspects of teaching practices that 
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may not be easily detected by human raters. 
Specifically, we answered the following three 
research questions:

Research Question 1 (RQ1): What measures 
of teaching can we generate by applying 
text-as-data methods to transcripts of class-
room videos?

Research Question 2 (RQ2): What are the 
psychometric properties of the computer-
generated measures of teaching practices?

Research Question 3 (RQ3): How do the 
computer-generated teaching practice mea
sures associate with classroom observations 
scores and value-added scores?

To answer these research questions, we ana-
lyzed word-to-word transcriptions of videos of 
fourth- and fifth-grade English language arts 
(ELA) classrooms collected as part of the 
Measures of Effective Teaching (MET) project. 
Our metrics were based on the premise that 
teacher–student interactions in classrooms are 
key for student learning and development, an idea 
well supported by developmental theory and 
research (e.g., Brophy, 1986) and serves as the 
foundation for the Classroom Assessment Scoring 
System (CLASS) observation protocol, used in 
districts all over the country and in scores of 
research studies (Pianta & Hamre, 2009). We cre-
ated several measures focused on interaction and 
discourse patterns that captured more discrete 
teacher behaviors (e.g., the proportion of class 
time teachers spend talking), as well as higher 
inference measures (e.g., the level of coordination 
between teachers’ and students’ language by 
matching each other’s use of function words), 
which would be difficult, if not impossible, to 
detect by human raters.

The automated measures we developed achieve 
reliabilities similar to those of conventional class-
room observations when using multiple raters and 
course sections. Based on these measures, we cre-
ated three instructional factors that are highly 
aligned with the dimensions identified by CLASS, 
the Framework for Teaching (FFT; Danielson, 
2013), and Protocol for Language Arts Teaching 
Observations (PLATO; Grossman et al., 2014)—a 
classroom management factor, an interactive 
instruction factor, and a teacher-centered instruction 
factor. Teacher-centered instruction is consistently 

negatively associated with value-added scores com-
puted using the Stanford Achievement Test, Ninth 
Edition (SAT-9), which assesses cognitively com-
plex learning outcomes. This result is robust even 
after controlling for teachers’ average CLASS, FFT, 
and PLATO scores, suggesting that this instructional 
factor is not fully captured by these classroom 
observation tools and our automated approach can 
detect teaching practices that are not readily visible 
to human raters. Our analyses also provide some 
evidence that interactive instruction is positively 
associated with student outcomes. A back-of-the-
envelope cost-effectiveness analysis shows that the 
potential cost-saving from a text-as-data approach to 
measure teaching practices is 54% compared with a 
human-rater approach. While we do not propose 
that our approach can replace classroom observa-
tions done by human raters, it is possible to comple-
ment the existing systems with lower costs using a 
text-based system, especially for districts with fewer 
resources.

Background

Measures of Teaching and Teacher Quality

Teachers vary substantially in terms of their 
impact, making them one of the, if not the big-
gest, within-school determinants of student out-
comes (Rivkin et al., 2005). As a result, the last 
three decades have witnessed a great increase in 
the study of different tools for evaluating teacher 
performance. A great deal of this research has 
focused on what teachers do in classrooms that 
signals high-quality, research-aligned instruc-
tional practice. The search for “high-leverage” 
practices has taken on an increased urgency in 
the accountability-focused policy climate during 
the past decade, with its emphasis not only on 
formal teacher evaluation (Ball & Forzani, 2009; 
Cohen, 2015) but also on identifying observed 
needs for targeted professional development 
efforts (Allen et al., 2011; Kennedy, 2016).

Contemporary research on observation proto-
cols has yielded some insights about the relation-
ship between measured practice and student 
outcomes. A few studies have found weak to 
modest correlations between overall teacher 
observation scores and value-added scores. 
Using MET data, Kane and Staiger (2012) found 
correlations between scores from observation 
protocols and value-added ranging from .12 to 
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.34. Using data from New York City, Grossman 
et al. (2013) found that teachers in the top quar-
tile of value-added scores had higher scores on 
some PLATO and CLASS elements than their 
bottom-quartile peers. Such correlations are sub-
ject to change when different tests are used to 
compute value-added scores (Grossman et  al., 
2014; Papay, 2011).

Some researchers have gone beyond using 
summary observation scores and have tried to 
identify the impact of specific, potentially “high-
leverage” teacher practices (Cohen, 2015). 
Depending on the specific test outcomes, identi-
fication strategies, and observation protocols 
used, these studies have found inconsistent out-
comes. For example, Blazar (2015) exploited 
within-school, between-grade, and cross-cohort 
variation to overcome bias arising from student 
sorting within schools and found that “inquiry-
oriented instruction” improved elementary math 
scores by about 0.1 standard deviation. In con-
trast, Kane et  al. (2011) found evidence that 
classroom management practices contributed to 
math score growth more than other measured 
dimensions of teacher practices. However, 
teacher use of “thought-provoking” questions 
was most correlated with increasing reading 
scores. A recent study synthesized similar dimen-
sions across the five most popular protocols used 
in the MET project (CLASS, FFT, PLATO, the 
UTeach Observation Protocol, and the 
Mathematical Quality of Instruction [MQI]) and 
found classroom management to be the most 
consistent dimension correlated with student test 
score growth (Gill et  al., 2016). The field still 
lacks clarity about what aspects of instruction 
“matter” for which outcomes, and why.

Although the tools used to measure instruc-
tional quality have become more refined over 
time, there are persistent measurement and con-
ceptual issues that complicate our ability to use 
observation protocols to identify “high-leverage” 
teaching practices that support student achieve-
ment (Kane & Staiger, 2012). Observation tools 
are designed around particular instructional theo-
ries, which limit the set of teaching practices they 
measure. Some instruments, such as PLATO and 
the MQI rubric, are domain-specific, with items 
focused on the clarity and accuracy of teachers’ 
instructional explanations in specific academic 
subjects (e.g., mathematics; Hill et  al., 2008). 

Others, such as CLASS and FFT, emphasize 
aspects of “good teaching” that cut across sub-
jects. CLASS draws heavily from developmental 
theory, emphasizing the warmth and positivity of 
teacher–student interactions (Hamre & Pianta, 
2001). FFT, by contrast, builds upon constructiv-
ist learning theory, privileging teachers’ ques-
tioning techniques and students’ intellectual 
engagement (Danielson, 2011). Despite these 
conceptual differences, all observation rubrics 
are predicated on the notion that “good teaching” 
is something one can see in a classroom. This 
focus on visible features of classroom interac-
tions, readily observable by trained viewers, 
inherently limits the scope of understanding 
(Cohen et al., 2020). Classrooms are busy, social 
places, rich with discourse between students, as 
well as between a teacher and students. Observers 
are inherently limited in how much of this dis-
course they can notice and process, particularly 
in the moment.

Second, instrument developers and the school 
leaders who use observation tools struggle to 
clearly and consistently define high-level demon-
stration of practice. For example, “regard for stu-
dent perspectives” (Pianta et al., 2012) might be 
a practice supported by dozens of empirical stud-
ies (Allen et  al., 2013; Hamre & Pianta, 2001; 
Mashburn et al., 2008), but is there a clear thresh-
old between classrooms that rate “high” and 
“mid” on this construct? Without greater concep-
tual precision in defining the empirical link 
between practice and demonstration of practice, 
it remains difficult to make inferences about 
teachers based on observations.

Third, reliable classroom observation ratings 
require skilled and well-trained observers who 
orient their assessments of quality to the specif-
ics of a rubric rather than their personal interac-
tions with a teacher (Kraft & Gilmour, 2017). In 
research and in practice, this has proven to be an 
extremely high hurdle (Cash et  al., 2012; Hill 
et  al., 2012; Park et  al., 2015; Weisberg et  al., 
2009). Trained outside raters can generate more 
reliable ratings than school-based personnel like 
principals, but even the most practiced raters 
struggle to keep track of multiple teaching behav-
iors at the same time (Bell et al., 2014). The cog-
nitively demanding process of conducting 
classroom observations can therefore limit the 
set of teaching practices featured in a tool, and 
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ultimately privilege readily observable aspects of 
teaching that might not be substantively the most 
important at supporting student outcomes (Kane 
& Staiger, 2012). In practice, raters tend to use 
only a small range of scores, shying away from 
rating teachers as performing poorly, particularly 
when raters are school administrators without 
extensive training (Kraft & Gilmour, 2017; 
Weisberg et al., 2009). The research has not sur-
faced clear strategies for mitigating rater bias. 
Rater effects also vary depending on the specific 
classroom observation mode as live or video 
based (Casabianca et  al., 2013). Most of the 
research on classroom observations has been 
conducted via video-recorded observations, 
whereas most practitioners engage in live obser-
vations, complicating attempts to generalize 
findings from research studies into classroom 
observations in practice. For schools and districts 
wanting to assess and ultimately support high-
quality teaching across millions of teachers, 
these issues present conceptual, logistical, and 
financial challenges.

Finally, a great deal of research has surfaced 
the temporal instability of traditional classroom 
observation instruments (Gitomer et  al., 2014; 
Polikoff, 2015; Smolkowski & Gunn, 2012). 
Temporal instability can come from multiple 
sources. For example, student–teacher interac-
tions are inherently dynamic and can evolve over 
time (Meyer et al., 2011). Many features of “good 
teaching” might also naturally fluctuate across 
lessons. Those temporal factors can generate 
measurement errors in observed scores and com-
plicate inferences made from a handful of obser-
vations. Unfortunately, policies at the state and 
district level are limited by resources, and human 
raters are costly. As such, many evaluation sys-
tems require only one or two observations (Cohen 
& Goldhaber, 2016). Similarly, many profes-
sional development and coaching programs rely 
on a limited number of observations, which are 
unlikely to accurately capture a comprehensive 
portrait of a teacher’s practice (Allen et  al., 
2011). Moreover, traditional classroom observa-
tion protocols are designed to capture “typical” 
or “average” classroom teaching, and they are 
often not designed to capture fine-grained teach-
ing practices that may naturally vary from lesson 
to lesson over the course of a school year. What a 
teacher needs to support students in November 

may well be distinct from that same teacher’s 
need in May. As such, teachers might find the 
feedback generated from traditional observa-
tional systems to be too general to be useful for 
improving their evolving instructional needs 
(Muijs et al., 2018).

Text-as-Data Methods

Text-as-data methods may help address many 
of the aforementioned issues with human raters. 
Analyzing large quantities of textual information, 
often records of verbal and written communica-
tions, to gain insights into human interaction and 
behavior is an increasingly popular approach in 
political science, economics, communication, and 
other disciplines (for overviews, see Gentzkow 
et al., 2017; Grimmer, 2015). Advances in compu-
tational methods make it possible to process, 
quantify, and analyze those data to address histori-
cally hard-to-tackle social science and policy 
questions through building measures that were 
infeasible before. For example, due to their high 
precision in transcribing human language, auto-
mated speech recognition systems have been used 
in some medical fields such as psychotherapy to 
improve patients’ mental health (Miner et  al., 
2020). Moreover, researchers, especially com-
puter scientists, have used computational methods 
to study conversation features, such as those that 
can lead to more constructive online discussions 
(Niculae & Danescu-Niculescu-Mizil, 2016), 
improve the success rate of job interviews (Naim 
et al., 2015), change someone’s opinion by form-
ing persuasive arguments (Tan et  al., 2016), or 
productively address issues related to mental ill-
ness (Althoff et al., 2016).

Education policy researchers have recently 
started to use text-as-data methods to study a wide 
ranges of topics, including features of productive 
online learning environments (Bettinger et  al., 
2016), teacher applicants’ perceptions on student 
achievement gaps (Penner et al., 2019), and strate-
gies schools adopt in school reform efforts (Sun 
et al., 2019). But the use of such methods in natu-
ral classroom settings remains rare. One exception 
is Wang et al.’s (2013) study, which featured an 
automatic feedback system using a speech recog-
nition recorder for teachers with respect to teacher 
and student talk, silence, overlap talk, and epi-
sodes of quality discussion. The authors find that 
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when teachers received timely feedback, they sig-
nificantly reduced their talking and discussion 
time significantly increased. Another exception is 
Kelly et  al. (2018), which applies automatic 
speech recognition and machine learning to auto-
matically identify whether a question a teacher 
asks in her classroom is authentic, in that the ques-
tion does not have a specific answer predeter-
mined by the teacher. Their computer-coded 
measure of authenticity achieves reasonably high 
correlations with coding from human raters.

Some emerging work suggests that computer-
generated measures can not only assess but also 
support teaching. For example, Lugini and col-
leagues (2020; Lugini, 2020) have started to 
track student discussion patterns using automated 
tools and demonstrate how such information sup-
ports teachers’ instructional reflection and future 
planning. Such evidence is key, as many have 
argued that the promise of classroom observa-
tions lies in their formative—rather than summa-
tive or evaluative—potential (Cohen & 
Goldhaber, 2016; Hill & Grossman, 2013; Pianta 
& Hamre, 2009). For districts to invest in new 
systems or tools like text-as-data approaches, 
they will likely need to feel confident that such 
advances would not only measure teaching con-
sistently but also provide timely and actionable 
information to teachers.

The development of text-as-data methods 
provides an unprecedented opportunity to extend 
prior classroom-based research, enabling resear
chers to address some of the inherent limitations 
of observation protocols and shed new light on 
how teaching practices affect student outcomes. 
If text-as-data methods could supplement— 
or even replace—traditional classroom obser-
vations in research studies, researchers could 
save precious time and resources by minimiz-
ing the expensive trainings, ongoing calibra-
tion, and inherent biases associated with 
humans scoring multifaceted and complex 
classroom instruction.

More importantly, the fast development of nat-
ural language processing and related techniques 
can facilitate detection of latent but not readily 
observable features of classrooms that are associ-
ated with student outcomes. Once districts cross 
the admittedly high hurdle of developing robust 
systems for audio capture, transcription, and data 
processing, they could rely on such systems to 

provide far more consistent and ongoing informa-
tion to teachers about their practice than a human-
rater-based system ever could. Districts also invest 
heavily in evaluation and instructional support 
systems, like teacher professional development. 
Text-based measures could enhance such support 
efforts by providing coaches, teachers, and other 
support providers with far more data and less read-
ily visible insights about a teacher’s instruction 
than could be gleaned from a handful of classroom 
observations.

Successful application of text-as-data meth-
ods in measuring teaching practices also has the 
potential to improve teaching quality and student 
achievement more generally. Compared with 
classroom observations from human raters, 
teachers might benefit from computerized met-
rics that provide faster feedback loops, which 
they may also perceive as more objective. Finally, 
if principals can apply text-as-data methods to 
collect similar information as walk-throughs, 
with better precision, it may also free up some 
time to focus on giving feedback to teachers. We 
are not suggesting that such methods would sup-
plant human-based feedback and evaluation sys-
tems, but are instead arguing they may provide a 
powerful complement.

Prior work has demonstrated that it is possible 
to automatically measure one aspect of teaching 
reasonably well using text-as-data methods (e.g., 
Kelly et al., 2018). However, there are a myriad 
of other aspects of discourse that could be 
detected with automated measures. A central 
goal of this work is to use a range of computa-
tional techniques to demonstrate the potential of 
text-as-data methods in capturing a variety of 
classroom interactions.

Data and Sample

The MET Project

The data for this study come from the Bill and 
Melinda Gates Foundation–funded MET project, 
which is, to date, the largest research project in 
the United States on K–12 teacher effectiveness. 
More than 2,500 fourth- through ninth-grade 
teachers in 317 schools across six districts partici-
pated in the MET project over a 2-year span (aca-
demic years 2009–2010 and 2010–2011). The 
MET project’s sample is composed mainly of stu-
dents from high-poverty, urban school districts.2
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Many of the MET project’s features make it an 
ideal data source for this study. First, the project 
collected video recordings for each participating 
teacher, which enables repeated measurement of 
classroom processes using different tools. Second, 
the MET project aimed to advance the use of mul-
tiple measures of teacher effectiveness and pro-
vides both value-added scores and classroom 
observation scores based on five major observa-
tional protocols. This rich set of measures allows 
us to compare the measures we created to conven-
tional ones.3

This study focuses on fourth- and fifth-grade 
ELA classrooms and teachers. We chose to focus 
on ELA as a starting point because a long line of 
research has demonstrated that classroom dis-
course and instructional formats matter for stu-
dent learning in language arts classes (e.g., Beck 
& McKeown, 2001; Chinn et al., 2001; Nystrand 
& Gamoran, 1991). In addition, focusing our 
resources on transcribing more videos per teacher 
in one subject would provide us more data to 
evaluate the psychometrics properties of our 
measures and reduce measurement errors. While 
more research is needed to verify whether the 
proposed measures and methods would demon-
strate similar properties across subjects, we pur-
posefully focus on cross-domain teacher practices 
that are more likely to be generalizable.

Table 1 describes the sample, which includes a 
racially and socioeconomically student body: 43% 
of students are eligible for free or reduced-price 
lunch, 42% are African American, and 23% are 
Hispanic. The average standardized ELA scores 
on state exams in 2009 and 2010 are both around 
0.1, which suggests that teachers in our sample 
taught a slightly higher than average set of stu-
dents, based on achievement test performance. 
The large majority of teachers are women (92%), 
and most are White (63%); 32% are African 
American. This teacher sample reflects the char-
acteristics of the students they teach, though it rep-
resents a much bigger share of African American 
teachers than an average district in the United 
States. On average, teachers have worked in their 
current district for 6 years, and 46% have a mas-
ter’s degree or higher.

Classroom Videos and Transcriptions

The MET project collected classroom videos 
for all participating teachers. For subject-matter 

generalists, primarily elementary school teach-
ers, the MET project collected videos of both 
math and ELA classes on four different days, 
producing four videos for each subject.4 The 
recording days were spread out during February 
and June 2010 in the first year of the study and 
between October 2010 and June 2011 in the sec-
ond, with the aim of making the videos more rep-
resentative of teachers’ practices. Teachers were 
required to teach half of the video-recorded 
classes on focal topics chosen by MET project 
researchers; the other half of the video-recorded 
classes could cover topics of teachers’ choice. 

Table 1

Descriptive Statistics

Characteristic M SD

Students (n = 13,370)
  Age 9.73 (0.87)
  Male 0.50  
  Gifted 0.09  
  Special education 0.09  
  English language learner 0.13  
  Free or reduced-price lunch 0.43  
  Race/Ethnicity
    White 0.25  
    African American 0.42  
    Hispanic 0.23  
    Asian 0.06  
    Other 0.03  
  ELA score
    2009 0.12 (0.96)
    2010 0.09 (0.97)
Teachers (n = 258)
  Male 0.08  
  Race/Ethnicity  
    White 0.63  
    African American 0.32  
    Hispanic 0.03  
    Other 0.01  
  Years in district 5.98 (5.43)
  Master’s or higher 0.46  

Note. Data are restricted to teachers who participated in the 
MET project’s second-year randomization process. Four 
teachers are missing from the sample because the quality of 
their classroom audios is not sufficient for precise transcrip-
tion. Student- and classroom-level statistics are calculated 
using both 2009 to 2010 and 2010 to 2011 data. Different 
variables may have different numbers of observations. ELA 
= English language arts; MET = Measures of Effective 
Teaching.
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Focal topics for fourth- and fifth-grade ELA 
classrooms included expository writing, making 
inferences and questioning, personal narratives, 
revision of writing, summarizing main ideas, and 
identifying theme and point of view.

For the teachers in our sample, each had four 
video recordings in the first year of the MET 
project and four recordings in the second year. 
Our main analytic sample consists of transcrip-
tions of the first 30 minutes of all four videos for 
each teacher from the first year.5 As a result of 
some videos having low-quality sound (or no 
sound) and errors by the transcription company, 
not all teachers in the sample have four complete 
videos transcribed. Approximately 75% of teach-
ers in the sample have four videos transcribed, 
20% have three, and 5% have two. In total, 976 
videos were transcribed, amounting to 29,436 
minutes of language arts teaching.

A professional transcription company tran-
scribed each video at a word-to-word level, with 
time stamps attached to the beginning and end of 
each speaker’s turn. Because the data usage 
agreement restricted us from sharing the videos 
with our transcribers, only audio was used in the 
transcription process. One drawback of this 
approach is that while classroom observers could 
note both verbal and nonverbal markers, our data 
are restricted to verbal information and do not 
include other cues, such as facial expressions, 
gestures, and classroom artifacts.

To the extent possible, the transcribers identi-
fied students by voice and labeled them as Student 
A, Student B, and so forth, or students (plural) if 
multiple students were talking simultaneously. 
The MET project used a specially designed rig to 
record the classes, and two microphones captured 
teachers’ and students’ voices. Throughout the 
recordings, teachers’ voices have much better 
audio quality than students’ because there were 
multiple students using the same microphone, and 
they were often not loud enough to be picked up 
clearly. When a voice was not identifiable, tran-
scribers labeled it “inaudible.” In some instances, 
it was difficult to precisely identify which student 
was talking. Supplementary Appendix A in the 
online version of the journal provides an example 
of the data. These detailed data allow us to iden-
tify several features of students’ and teachers’ lan-
guage and interaction patterns in a classroom, 
such as the quantity (e.g., number of words 

spoken), style (e.g., usage of open-ended ques-
tions), and content (e.g., linguistic coordination).

Value-Added Scores and Classroom 
Observation Scores

The MET project data contain multiple mea-
sures of teaching quality. First, they include two 
measures of teacher effectiveness based on stu-
dent performance for each subject—one derived 
from state achievement test scores and one based 
on the SAT-9 Open-Ended Tests in ELA, which 
are cognitively more demanding and lower stakes 
than the state tests. Previous research has shown 
that value-added scores calculated using state 
tests and the SAT-9 are weakly correlated (Papay, 
2011). Several studies using MET project data 
have also found inconsistent relationships 
between classroom observation scores and value-
added scores calculated using different tests, 
often with stronger correlations for low-stakes 
supplemental tests (Cohen, 2015; Grossman 
et al., 2014). For this study, we used value-added 
scores from the MET project database.6

The MET project data also contain multiple 
observational measures of teacher practices. We 
focused on measures generated from CLASS, 
FFT, and PLATO. Both CLASS and FFT mea-
sure aspects of classrooms that are hypothesized 
to be generalizable across subjects. CLASS is 
based on developmental theory.7 Its primary 
focus is various aspects of teacher–student inter-
actions, which closely align with the measures 
we propose to create using text-as-data methods.8 
FFT is the most widely used observational tool in 
the United States and grounded in a “constructiv-
ist” view of student learning, with emphasis on 
intellectual engagement such as high-quality 
questioning. We also chose PLATO because it 
focuses on effective teacher practices specific to 
literacy instruction (Grossman et al., 2014).

The CLASS protocol is designed to measure 
how teachers support children’s social and aca-
demic development, with a focus on daily 
teacher–student interactions (Hamre et al., 2007). 
CLASS comprises three broad domains of 
teacher behaviors: emotional support (measured 
dimensions include positive climate, negative 
climate, teacher sensitivity, and regard for stu-
dent perspectives), classroom organization (mea-
sured dimensions include behavior management, 
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productivity, and instructional learning formats), 
and instructional support (measured dimensions 
include content understanding, analysis and 
problem-solving, instructional dialogue, and 
quality of feedback; see White & Rowan, 2012, 
for a more detailed description of the CLASS 
dimensions and domains). Several studies have 
found that teachers rated higher on CLASS are 
associated with higher student test scores (e.g., 
Araujo et al., 2016) and that teachers supported 
with the CLASS framework have improved 
interactions with students and correspondingly 
substantial gains in student achievement at the 
secondary school level (Allen et al., 2011).

Teachers in nearly 30 states are both evaluated 
and coached using Danielson’s FFT, making it 
the most commonly used protocol in the country 
(Goe et  al., 2012). Although FFT has evolved 
over the years, the version used in the MET study 
focused on the broad domains of classroom envi-
ronment (e.g., creating an environment of respect 
and rapport, managing classroom procedures) 
and instruction (e.g., using questioning and dis-
cussion techniques, demonstrating flexibility and 
responsiveness; for a detailed discussion of the 
measurement properties of FFT, see Liu et  al., 
2019; Mantzicopoulos et  al., 2018). FFT is 
undergirded by a constructivist model of teach-
ing, in which teachers facilitate—rather than 
lead—learning by engaging students in activities 
and discussions that promote critical thinking 
and encourage intellectual argumentation 
(Danielson, 2013). There is mixed evidence on 
the relationship between FFT scores and student 
outcomes (Gallagher, 2004; Holtzapple, 2003; 
Kane & Staiger, 2012; Liu et  al., 2019), with 
recent work suggesting FFT scores explain a low 
percentage of the variance in student outcomes 
(Patrick et al., 2020).

The version of PLATO used in the MET proj-
ect includes six teaching practices: modeling, 
strategy instruction, intellectual challenge, class-
room discourse, time management, and behavior 
management. As a subject-specific protocol, 
PLATO complements CLASS by focusing on 
aspects of language arts teaching highlighted in 
the research literature. These include teacher 
scaffolding of literacy tasks (Beck & McKeown, 
2001; Graham & Harris, 1993; Greenleaf et al., 
2001; Palincsar & Brown, 1987) and providing 
challenging disciplinary tasks in which students 

are expected to engage in the majority of the 
intellectual work (Newmann et al., 1998). Several 
studies have found that ELA teachers with higher 
value-added scores perform better on multiple 
dimensions in PLATO (Grossman et  al., 2013, 
2014).

Findings

RQ1: What measures of teaching can we gen-
erate by applying text-as-data methods to 
transcripts of classroom videos?

We built two types of measures to capture 
teacher practices that are more nuanced 
and fine-grained than those captured in 
current observation protocols. The first 
focuses on patterns of discourse, primarily 
using information about language sources 
(e.g., teachers or students), time stamps, 
and words and punctuation marks (e.g., 
functional words, question marks) associ-
ated with a specific linguistic category. To 
identify words and punctuation marks that 
are meaningful for classroom conversa-
tion, we used the Linguistic Inquiry and 
Word Count (LIWC) program (Pennebaker 
et al., 2014), which counts the percentage 
of words that reflect different emotions, 
thinking styles, and social concerns of a 
given utterance.9 LIWC is widely used in 
computational linguistic analyses and cov-
ers 93 linguistic dimensions,10 from which 
we selected ones that are relevant for class-
room teaching. The three measures we pro-
posed include turn-taking, targeting, and 
the use of analytical and social language.

The second type of measure we developed 
captures more substantive aspects of teaching 
using more sophisticated text-as-data methods, 
including both partially automated (i.e., super-
vised) and fully automated (i.e., unsupervised) 
models.11 We anchored the measures in theoreti-
cally identified indices of effective teaching and 
took advantage of the highly detailed data and 
the capacity of text-as-data methods to uncover 
latent language features. This set of measures 
includes language coordination, questioning, 
and the allocation of time between academic 
content and routine, of which we detail the defi-
nition below.
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These micro-level measures can be captured 
with precision by using computers, and they have 
the potential to inform the macro-level norms of 
classroom participation, teacher–student dynam-
ics, and teachers’ pedagogical styles. For exam-
ple, a classroom with extensive turn-taking 
between the teacher and students may suggest 
the teacher is more attentive and responsive to 
students’ ideas. We also aggregated these mea-
sures using factor analyses to consider the inter-
dependence between them, identify latent 
instructional factors, and provide more parsimo-
nious models to facilitate our analysis in RQ3. 
While these measures cannot capture every 
aspect of teaching that might support student out-
comes, they represent a step toward understand-
ing the micro-processes of teaching, which are 
difficult to detect with human raters, that could 
better support teachers in providing more uni-
formly high-quality instruction.

Turn-Taking

Research on classroom discourse, especially 
in ELA classes, has identified different “instruc-
tional frames,” with a recitation format at one 
extreme and a collaborative reasoning format at 
the other (Applebee et  al., 2003; Chinn et  al., 
2001; Michaels et al., 2008; B. M. Taylor et al., 
2002). Cazden (1988/2001) described a recitation 
format, or “Initiate, Respond, Evaluate” (IRE), as 
one in which “teachers give directions and chil-
dren nonverbally carry them out; teachers ask 
questions and children answer them, frequently 
with only a word or a phrase.” (pp.134) In con-
trast, a collaborative reasoning format promotes 
consistent and authentic student talk. Teachers 
serve the role of facilitator, rather than evaluator, 
and encourage students to directly engage with 
each other’s ideas (Nystrand et al., 1997; Tharp & 
Gallimore, 1991). A sociocognitive view supports 
the idea that students need to be active agents in 
classroom interactions to construct meaning and 
form their own interpretations. Several studies 
have shown that high-quality discussion and 
exploration of ideas—not just the presentation of 
high-quality content by the teacher—can enhance 
students’ literacy achievement and reading com-
prehension (e.g., Applebee et al., 2003; Grossman 
et al., 2014; Nystrand & Gamoran, 1991).

In characterizing instructional frames, turn-
taking represents a key parameter that reflects 

who controls the classroom conversation. 
Following Chinn et al. (2001), we extracted mul-
tiple features of turn-taking, including the num-
ber of turns taken per minute, to measure the 
frequency of exchange of ideas between teachers 
and students; the percentage of time teachers talk 
in a given class, to measure teacher control in 
classroom discourse; and the average time spent 
per turn for both teachers and students and the 
number of words spoken per minute, to further 
gauge the allocation of control over discussion 
between teachers and students.

Targeting

Linguists suggest that in a classroom, teachers 
might target individual students or themselves as 
the focus of classroom discourse for different 
purposes. For example, teachers might refer to 
themselves more often when demonstrating a 
problem-solving process or modeling a certain 
skill (e.g., “If I can get your eyes here with me 
and I’ll go through our PowerPoint”). Teachers 
may also refer to students frequently to take con-
trol over the conversation or manage classroom 
order (e.g., when you get to page 178, I want you 
to stand up and hold your book up). Previous 
research has shown that in a conversation, the 
use of personal pronouns points to the targets of 
communication (McFarland et  al., 2013). The 
sociolinguistic literature suggests personal pro-
nouns also strongly relate to social status, with 
higher social status individuals using “you” more 
frequently and lower social status individuals 
using “I” more frequently (Pennebaker, 2011; 
e.g., I’m going to ask you again only if I call on 
you. You are going to have to be still right here 
because that is going to cause a problem.). Thus, 
these words can also reflect the power structure 
of a classroom. We extracted referential words 
(i.e., personal pronouns) to serve as proxies for 
how a teacher allocates her attention in her lan-
guage and the power structure of a classroom.

Analytical and Social Language

Teachers provide models of language use for 
their students. A large body of research suggests 
children’s language development is shaped by 
the adults with whom they interact, both teach-
ers and parents (Cabell et  al., 2015; Goldin-
Meadow et al., 2014; Hassinger-Das et al., 2017; 
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Huttenlocher, 1998; Song et  al., 2014). While 
there are many different types of language styles, 
we focused on two features of teachers’ language 
use to put in contrast of analytical, logical, and 
consistent thinking versus more intuitive, narra-
tive speaking, or social language. Analytical 
thinking is a category of words that capture for-
mal, logical, and hierarchical thinking,12 such as 
prepositions (e.g., to, with, above), cognitive 
mechanisms (e.g., cause, know, hence), and exclu-
sive words (e.g., but, without, exclude), while 
social language concerns about human interaction, 
such as non-first-person-singular personal pro-
nouns (e.g., we, us, you all) and verbs related to 
human interaction (e.g., sharing, talking).

Language Coordination

Social psychologists suggest that communica-
tive behavior is patterened and coordinated, like 
a dance in the form of human talk (Niederhoffer 
& Pennebaker, 2002). In a classroom setting, an 
effective teacher might build on the previous stu-
dent contribution by revoicing it and using it to 
set the direction of subsequent conversation, so 
that students’ ideas are fully incorporated in 
classroom discourse in ways that also engage 
their deeper cognitive processes (Herbel-
Eisenmann et  al., 2009; Nystrand et  al., 1997). 
Literature focused on teachers’ “up-take” sug-
gests that effective teaching is likely to exhibit a 
higher level of “language coordination” (Howe 
et al., 2019), in that there are more synchrony in 
teachers’ and students’ language. Although the 
exact definition of up-take might vary in the lit-
erature, we can observe the cues of coordination, 
such as the similarity of the type of words used 
between teachers’ and students’ language to 
serve as a proxy for one aspect of this construct.

Language style matching is an index that mea-
sures whether two people in a natural conversa-
tion match each other’s speaking behavior or 
style using functional words. A high score indi-
cates a better coordination process. Language 
style matching is designed for a dyadic conversa-
tion and can be computed at both a turn-to-turn 
level and a whole-conversation level. In this 
study, we treated all students as one party and 
computed language style matching by aggregat-
ing all words spoken by the teacher and students 
in a classroom. For details of this method and 

examples of functional words, see Supplementary 
Appendix B in the online version of the journal.

Questioning

Questioning plays a key role in eliciting rich 
discussion and engaging students, and both the 
quantity and quality of questions play an integral 
role. Chinn et  al. (2001) argued that an overall 
decrease in the number of teacher questions is a 
primary indicator of decreased teacher control in 
a collaborative reasoning format. At the same 
time, the nature of those questions—whether 
they stimulate students’ reasoning, have multiple 
correct answers, and are nonformulaic (i.e., 
whether they are open-ended or authentic ques-
tions)—determines whether they characterize a 
dynamic and dialogic conversation (Nystrand, 
2006). Other types of questions may expect one-
word, yes-or-no answers (i.e., are closed-ended 
questions) or be related to procedure, rhetoric, or 
discourse management. Applebee et  al. (2003, 
pp. 699–700) described these latter question 
types as procedural questions (e.g., “How many 
pages do we need to read?”), rhetorical ques-
tions, “discourse-management questions” (e.g., 
“What?” “Excuse me?” “Did we talk about that?” 
“Where are we [in the text]?”), and finally ques-
tions that initiated discourse topics (e.g.,“Do you 
remember our discussion from yesterday?”).

To measure the number of questions a teacher 
asks, we used regular expressions, a program-
ming procedure to automatically identify clearly 
defined textual patterns, to extract question 
marks and the corresponding questions a teacher 
asks in a class. To distinguish the nature of the 
questions being asked, we need to “teach” our 
computer algorithm the features that differentiate 
open-ended questions from those that are not so 
that we can make reasonable predictions. To do 
this, two raters with extensive K–12 classroom 
experience and who are currently education 
researchers firsthand-labeled 600 randomly 
selected questions from the set of questions in the 
data, which serve as a “training” data set. As 
there are many features that can predict whether 
a question is open-ended or not, conventional 
regression-based prediction methods are infeasi-
ble because there are likely more variables (i.e., 
words) than observations. Lasso is a feature 
reduction regression method that is designed to 
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deal with this scenario.13 We used a fivefold 
Lasso procedure to “learn” from this training 
sample and then make predictions for the rest of 
the questions. Supplementary Appendix Figure 
C1 in the online version of the journal shows the 
most predictive words for open-ended questions 
and non-open-ended questions. Supplementary 
Appendix C in the online version of the journal 
provides additional details on this method.

Allocation of Time Between Academic Content 
and Routine

Early research on the process–product model of 
teaching effectiveness focused on time on task, or 
the amount of time for which students are exposed 
to academic content (Brophy & Good, 1986). 
Modern classroom observation protocols also 
emphasize teachers’ ability to minimize time spent 
on disruptions and classroom management and to 
provide ongoing learning opportunities to students 
(Gill et  al., 2016; Pianta & Hamre, 2009). We 
measured the proportions of a teacher’s language 
dedicated to academic content and classroom 
management routines as a proxy for the productiv-
ity of classroom time. We hypothesized that teach-
ers who spend less time talking about routines are 
more likely to have a productive classroom. To 
test this hypothesis, we used topic modeling, a 
Bayesian generative model, to differentiate task-
related and classroom management–related topics 
(Blei, 2012). A topic model automatically esti-
mates the proportion of language devoted to dif-
ferent topics based on the co-occurrence of words 
across documents (e.g., classroom transcripts). 
Employing this approach enabled us to label the 
themes of those topics and classify them as related 
to academic content or routines. Supplementary 
Appendix D in the online version of the journal 
describes the details of this method. As 
Supplementary Appendix Figures D1 and D2 in 
the online version of the journal show, the most 
prevalent two topics in both 15- and 20-topic mod-
els have representative words that point to class-
room management (e.g., group, partner, minute), 
with the rest of the topics about specific academic 
content (e.g., idea, predict, subject).

RQ2: What are the psychometric properties 
of the computer-generated measures of 
teaching practices?

Table 2 presents descriptive information on 
the measures described above. Consistent 
with findings from prior literature, teach-
ers in the MET project sample usually 
occupied the central role in classroom 
talk. On average, they spent 85% of class 
time talking to their students. Classrooms 
varied considerably in prevalence of back-
and-forth conversation, with an average of 
4.5 turns per minute and a standard devia-
tion of 2.1 turns per minute. Teachers used 
“you” more frequently than “I,” suggest-
ing that teachers address students much 
more often than they refer to themselves. 
In general, teachers’ language use was 
more analytical than social (i.e., more for-
mal, logical, and hierarchical instead of 
narrative or interpersonal), although the 
proportion of analytical language varied 
substantially across classrooms. Teachers 
and students exhibited high language 
coordination, with little variability across 
classrooms. On average, teachers asked 
about 0.22 open-ended questions per min-
ute and spent 10% of their language on 
classroom management routines (e.g., put-
ting students into groups or managing 
classroom disruptions) instead of instruc-
tion. Both these measures show a signifi-
cant amount of variation, suggesting that 
classroom discourse patterns vary sub-
stantially across the classrooms in the 
MET study.

Psychometric Properties

For evaluation purposes, we want measures of 
teaching that differ systematically across teachers 
and are not influenced by idiosyncratic sources of 
variation, such as a specific lesson or the rater’s 
mood on the observation day. Given that we have 
multiple class sessions transcribed for each 
teacher, one source of variation that we can iden-
tify comes from the sessions themselves (i.e., les-
son “error”). As MET researchers prescribed a list 
of topics for teachers, we assume such topics 
would have a distinct effect on teacher practices. 
Unlike conventional observation protocols, the 
measures we created are extracted from the 
same computer program and are not subject to 
different raters’ judgments; thus, they are free 
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from individual raters’ biases. Student composi-
tion is another possible source of bias, in that 
observations may be sensitive to the characteris-
tics of students in a classroom (Campbell & 
Ronfeldt, 2018); however, elementary school 
teachers often teach only one course section, so 
the data do not allow for comparison of individual 
teachers teaching different students. MET project 
researchers found that course section (i.e., the stu-
dent body) played little role in shaping observa-
tion scores in their sample, so this inability to 
compare results across course sections may not be 
constraining (Kane & Staiger, 2012). Future 
research could use transcriptions of classroom 
videos collected in the second year of the MET 
project to separate out the effects of teaching dif-
ferent cohorts of students.

We calculated the reliability of each measure 
yij  for teacher i and lesson-topic j by running a 

cross-classified multilevel model that decom-
poses the variance of each teacher practice as a 
teacher part ( )γi , a lesson-topic part ( )δ j , and a 
random error part ( )εij . The model used is as 
follows:

yij i j ij= + + +α γ δ ε . 	 (1)

The proportion of variance attributed to the 
teacher is the estimated reliability. Table 3 shows 
that the majority of the measures have reliability 
scores ranging from .15 to .35, with social words 
and language style matching having reliability 
scores below .2. As a benchmark, for the domains 
captured by the five instruments used in the MET 
project (e.g., emotional support under CLASS), 
reliability scores range from .14 to .37 when 
using more than one rater. Thus, each individual 
measure achieves a reliability score similar to 
those for these broader domains included in 
observation protocols, without relying on multi-
ple raters. For the rest of our analyses, we use the 
averages of each measure at the teacher section 
level to reduce measurement error.

Factor Analysis

The metrics described above may reflect only 
a few latent instructional factors, so following 
prior work (Grossman et  al., 2014), we con-
ducted a factor analysis using all these metrics to 
identify such constructs. Three factors were 
retained based on the Kaiser criterion (eigen-
value greater than or equal to 1). Table 4 shows 

Table 2

Computer-Generated Metrics on Teacher Practices

Variable M SD

Turn-taking
  Turns per minute 4.50 (2.08)
  Proportion of time teacher talks 85.22 (10.90)
  Average words per minute 115.45 (24.70)
Targeting (teacher)
  “You” (%) 4.76 (1.55)
  “I” (%) 2.51 (1.17)
Analytic and social language (teacher)
  Analytic thinking 38.20 (12.39)
  Social words (%) 13.71 (2.22)
Language coordination
  Language style matching (0–1) 0.80 (0.10)
Questioning (teacher)
  Open-ended questions per minute 0.22 (0.12)
Allocation of time between academic content and routine (teacher)
  Routine language (%) 10.63 (5.91)

Note. All statistics are calculated at the level of teacher video. Analytic thinking is a composite score that is converted to per-
centiles.
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the factor loadings.14 The rotated factor structure 
is not substantially different from the nonrotated 
factor structure, so we focus on the rotated factor 
loadings for ease of interpretation.

The first factor is heavily loaded on using 
“you,” social language, and routine language and 
negatively loaded on analytic language. This 

factor points to a dimension of teaching related to 
classroom management and establishing rou-
tines. Teachers with high scores on this factor 
spend more of their language managing student 
disruptions, putting students into groups, and 
performing other noninstructional activities. 
They are also more likely to attentionally target 

Table 3

Variance Components and Reliability of Teacher Practices

Variable Teacher Lesson Error Reliability

Turn-taking
  Turns per minute 29.21 0.02 70.78 .29
  Proportion of time teacher talks 21.73 0.56 77.71 .22
  Average words per minute 31.34 0.00 68.66 .31
Targeting (teacher)
  “You” (%) 24.12 7.24 68.64 .24
  “I” (%) 26.03 10.58 63.39 .26
Analytic and social language (teacher)
  Analytic words (%) 34.06 6.53 59.42 .34
  Social words (%) 18.31 4.19 77.5 .18
Language coordination
  Language style matching (0–1) 14.84 0.55 84.61 .15
Questioning (teacher)
  Open-ended questions per minute 32.23 0.06 67.71 .32
Allocation of time between academic content and routine (teacher)
  Routine language (%) 35.34 0.48 64.18 .35

Note. Analysis is conducted at the class level. The variance components are based on a cross-classified multilevel model that 
decomposes each variable into a teacher component, a lesson-topic component, and an error component.

Table 4

Factor Analysis

Variable

Rotated Nonrotated

Factor 1 Factor 2 Factor 3 Factor 1 Factor 2 Factor 3

Turns per minute 0.113 0.696 −0.341 0.518 0.582 −0.086
Proportion of time teacher talks −0.102 −0.112 0.651 −0.285 −0.198 0.571
Average words per minute 0.030 0.373 0.329 0.139 0.200 0.435
“You” 0.638 0.003 −0.088 0.555 −0.323 −0.050
“I” 0.211 −0.065 0.442 0.046 −0.278 0.406
Analytic words −0.718 −0.232 −0.097 −0.695 0.229 −0.205
Social words 0.509 0.052 −0.104 0.475 −0.209 −0.054
Language style matching 0.103 0.069 −0.265 0.180 0.066 −0.222
Open-ended questions per minute 0.064 0.738 0.108 0.398 0.529 0.349
Routine language 0.582 −0.045 −0.145 0.497 −0.316 −0.122

Note. Analysis is conducted at the teacher section level. Factors are extracted using the principal factor method. Rotation is 
orthogonal. Bold values indicate that the size of the loading is bigger than 0.4 for the corresponding factor.
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students (i.e., using “you”) and engage in social 
talk that is more narrative and intuitive in nature 
in contrast to analytical language.15 Thus, this 
factor appears to carrying less desirable teaching 
practices. The second factor highlights the use of 
open-ended questions, more back-and-forth con-
versation between the teacher and students, and 
more words spoken per minute. This dimension 
indicates a more interactive instructional format 
and students taking a more active role in class-
room discourse. The third factor is primarily 
loaded on more teacher talk, more self-reference 
by the teacher (i.e., using “I”), and more words 
spoken per minute, suggesting a classroom dom-
inated by the teacher’s speech, leaving students 
little time to participate. Although both the sec-
ond and third factors feature more talk during a 
class, the distinction between them lies in 
whether students have abundant opportunities to 
express their opinions and whether the discourse 
is interactive. Overall, the three factors represent 
a classroom management dimension, an interac-
tive instruction format, and a teacher-centered 
instruction format. In the rest of the analyses, we 
examine how these factors relate to classroom 
observation scores and value-added scores to 
corroborate our interpretation.

RQ3: How do the computer-generated teach-
ing practice measures associate with class-
room observations scores and value-added 
scores?

Classroom Observation Scores

The purpose of correlating the instructional 
factors with classroom observation scores is two-
fold. First, this shows whether computer-gener-
ated measures and observation protocol measures 
capture similar constructs so that they might be 
used interchangeably on some aspects of teach-
ing to provide teachers and/or researchers similar 
information. If we observe strong evidence on 
convergent validity, it is possible to improve the 
measurement quality of these constructs through 
automatically scoring far more lessons than what 
can be done with human raters, alleviating con-
cerns related to temporal instability mentioned 
above. Second, the size and direction of these 
correlations can facilitate and corroborate the 
interpretation of the newly created instructional 

factors. For example, we would expect the factor 
“interactive instruction” to be positively corre-
lated with instructional dialogue16 in CLASS 
because they should capture similar constructs. 
For the classroom management factor and the 
teacher-centered instruction factor, we would 
expect to see negative correlations with similar 
dimensions in classroom observations. Higher 
scores on text-as-data measures reflect a greater 
focus on management and teacher-controlled 
talk, whereas higher scores on related measures 
of traditional observations reflect less focus on 
management (i.e., in well-managed classrooms, 
teachers do not talk about management). Using 
CLASS, FFT, and PLATO can generate a deeper 
understanding of the instructional factors we 
developed and their relationships with other 
widely used tools to measure and support instruc-
tional quality. We correlated each of the three 
new factors with each of the domains of all three 
observational protocols.

Overall, as shown in Table 5, the correlations 
are small but still meaningful, given that both the 
computer-generated measures and the observa-
tional measures contain error. Factor 1, the class-
room management factor, has the strongest 
correlations with student behavior management 
under CLASS (r = −.280, p < .01), FFT (r = 
−.233, p < .01), and PLATO (r = −.183, p < .01). 
These consistent correlations provide support for 
the hypothesis that Factor 1 captures teacher time 
spent on managing disruptions. At the same time, 
Factor 1 is also significantly correlated with 
other, less obviously connected teaching prac-
tices, such as the domains of emotional support 
and instructional support under CLASS and 
classroom discourse under PLATO. These unex-
pected correlations highlight the need to improve 
the text-based measures for better convergent 
validity.

Factor 2, the interactive instruction factor 
which features abundant back-and-forth interac-
tion between teacher and students, is primarily 
related to the CLASS domain of instructional 
support, which emphasizes teachers’ use of con-
sistent feedback and their focus on higher order 
thinking skills to enhance student learning. The 
strongest correlations are with the finer-grained 
CLASS dimension of instructional dialogue  
(r = .259, p < .01) and PLATO scale for class-
room discourse (r = .220, p < .01) under 
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PLATO, both of which capture a similar con-
struct and are scored similarly (i.e., high scores 
reflect more discourse). Instructional dialogue 
(CLASS) focuses on teachers’ use of question-
ing and discussion to guide and prompt stu-
dents’ understanding, and classroom discourse 
(PLATO) emphasizes opportunities for student 
talk and teachers’ uptake of students’ ideas. It is 

thus reasonable to argue that the frequency of 
open-ended questions and the frequency of turn-
taking, which are Factor 2’s driving components, 
together capture a more dialogic form of instruc-
tion. We do not observe stronger correlations 
between Factor 2 and the domains in FFT, 
despite the fact that FFT is conceptually designed 
to assess and support more dialogic instruction.

Table 5

Correlations With CLASS, FFT, and PLATO

Dimension

Factor 1: 
classroom 

management

Factor 2: 
interactive 
instruction

Factor 3: 
teacher-centered 

instruction

CLASS
  Domain 1: emotional support
    Positive climate .124* .168** −.07
    Negative climate .217** −.006 .04
    Teacher sensitivity .198** .169** −.069
  Domain 2: classroom management
    Behavior management −.280** −.002 .082
    Productivity −.186** .043 .078
    Instructional learning formats .100† .166** .04
  Domain 3: instructional support
    Content understanding .049 .233** .029
    Analysis and problem-solving .090 .120* .011
    Quality of feedback .202** .239** −.024
    Instructional dialogue .191** .259** −.117*
    Student engagement .036 .143* .028
FFT
  Creating an environment of respect and rapport −.115† −.003 −.034
  Communicating with students −.048 .104† −.067
  Establishing a culture for learning .016 .011 −.118*
  Engaging students in learning .052 −.012 −.129*
  Managing classroom procedures −.120* .098† −.053
  Managing student behavior −.233** .032 .008
  Using assessments in instruction .041 .058 −.067
  Using questioning and discussion techniques .088 .004 −.170**
PLATO
  Intellectual challenge .083 .137* −.172**
  Classroom discourse .143* .220** −.098
  Behavior management −.183** .055 .094
  Modeling −.140* −.025 .325**
  Strategy use and instruction −.068 .043 .310**
  Time management −.167** .112† .042
  Representation of content .002 −.049 −.106†

Note. CLASS = Classroom Assessment Scoring System; FFT = Framework for Teaching; PLATO = Protocol for Language 
Arts Teaching Observations.
†p < .10. *p < .05. **p < .01.
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Factor 3, the teacher-centered instruction fac-
tor also has some conceptually intuitive relation-
ships with different observational scales. In 
particular, this factor has negative and statisti-
cally significant correlations with instructional 
dialogue (CLASS), establishing a culture for 
learning, engaging students in learning, using 
questions and discussion (FFT), and intellectual 
challenge (PLATO). The traditional observa-
tional measure prioritizes student autonomy, dis-
cussion, and academic rigor, while the text-based 
measures capture an emphasis on teacher lecture 
and minimal student participation in academic 
discourse. Factor 3 also has positive correlations 
with the PLATO domains of modeling and strat-
egy use and instruction, which privilege explicit, 
teacher-led instruction (Cohen, 2015; Cohen 
et  al., 2018; Grossman et  al., 2013). This, too, 
makes intuitive sense, as the PLATO metrics 
assess the degree to which teachers provide stu-
dents with detailed instruction about an academic 
process or skill, perhaps contributing to higher 
levels of “teacher talk.”

Overall, we observe strong and consistent 
correlations between the three instructional fac-
tors identified with text-as-data methods and the 
most theoretically aligned constructs across 
CLASS, FFT, and PLATO, though we also 
observe some unexpected correlations. The 
comparison between these factors and the three 
observation protocols largely confirms that these 
text-based factors capture a classroom manage-
ment dimension, an interactive instruction for-
mat, and a teacher-centered instruction format, 
respectively.

Value-Added Scores

To test whether the identified instructional 
factors are associated with teachers’ contribu-
tions to student achievement gains, we conducted 
regression analyses using value-added scores. 
The use of both state ELA and supplemental 
SAT-9 tests in the creation of the value-added 
measures (VAMs) allows us to examine whether 
the nature of the assessment changes the relation-
ship between the novel computational measures 
of teaching detailed here and VAMs (Grossman 
et al., 2014). We ran the regression model below 
to consider multiple factors simultaneously:

VAM Practicetdg tdg d g tdg= + + +β θ τ ε . 	 (2)

In this model, VAMtdg  is the value-added 
score for teacher t  in district d  and grade g.  
We controlled for district fixed effects because 
each district administered a different test. We 
controlled for grade fixed effects to compare 
teachers who teach in the same grade. For 
Practicetdg , we used the factors derived from the 
factor analyses described above (e.g., interactive 
instruction). We also ran a separate model con-
trolling for student characteristics. We further 
controlled for teachers’ average CLASS, FFT, 
and PLATO scores to test whether the new fac-
tors have predictive power beyond that of the 
classroom observation scores. The results are 
presented in Table 6.

Across specifications, teacher-centered instru
ction (Factor 3) negatively predicts value-added 
scores calculated using SAT-9. After controlling 
for average CLASS, FFT, and PLATO scores, the 
coefficients become even larger, suggesting that 
Factor 3 has extra predictive power and might 
capture teaching practices beyond those assessed 
in traditional classroom observations. 
Specifically, an increase of 1 standard deviation 
in Factor 3 is associated with a reduction of 0.041 
on standardized value-added scores.

The results for the classroom management 
factor (Factor 1) and the interactive instruction 
factor (Factor 2) are less clear. Although the 
classroom management factor—which captures 
more time and talk dedicated to management 
concerns—has negative coefficients across all 
the specifications and both tests, none is signifi-
cant, possibly due to a lack of power from the 
comparatively small sample size. In contrast, the 
interactive instruction factor positively predicts 
the state ELA value-added scores with a marginal 
significance, and the results are robust both with 
and without classroom controls. After controlling 
for classroom observation scores, these effects 
are no longer statistically significant, but the 
point estimates are similar. The small sample size 
does not allow us to tease out whether these 
results are due to a power issue or whether the 
classroom observations already capture most of 
the variation identified by Factor 2. Quite simi-
larly, interactive instruction does not have sig-
nificant associations with value-added scores 
using SAT-9 across specifications.

To show whether specific text-as-data metrics 
are driving the results, we ran a similar analysis 



18

using each individual micro-measure of teach-
ing, the results of which are reported in 
Supplementary Appendix Table E1 in the online 
version of the journal. Both the percentage of 
time teachers talk, as well as the use of “I,” which 
together comprise the teacher-centered instruc-
tion factor (Factor 3), have significant and nega-
tive coefficients. Notably, although the 
teacher-centered instruction factor (Factor 3) 
does not show a significant association with state 
value-added scores, a higher proportion of 
teacher talk itself negatively predicts both SAT-9 
value-added scores and state ELA value-added 
scores. These results suggest that a high propor-
tion of teacher talk is negatively associated with 

student gains across different achievement mea-
sures. In addition, while none of the three factors 
identified through the factor analysis has a high 
loading on “language style matching,” this mea-
sure independently shows positive and signifi-
cant correlations with SAT-9 value-added scores.

Taken together, the analyses using the instruc-
tional factors and the individual teacher practice 
measures provide evidence of a negative associa-
tion between teacher-centered classroom dis-
course and student achievement gains, particularly 
for SAT-9 value-added scores, which are sup-
posed to measure higher order skills. The results 
also provide suggestive evidence that a more dia-
logic format may support student outcomes. 

Table 6

Regression of VAMs on Predicted Factors

Factor (1) (2) (3) (4) (5) (6)

State ELA
  Factor 1: classroom management −0.009 −0.007 −0.007 −0.006 −0.005 −0.006
  (0.011) (0.011) (0.011) (0.011) (0.011) (0.011)
  Factor 2: interactive instruction 0.021† 0.020† 0.019 0.018 0.016 0.018
  (0.011) (0.011) (0.012) (0.011) (0.012) (0.011)
  Factor 3: teacher-centered instruction −0.007 −0.006 −0.006 −0.004 −0.009 −0.004
  (0.010) (0.009) (0.009) (0.009) (0.010) (0.009)
  Observations 281 281 281 281 281 281
  R2 .029 .091 .091 .100 .101 .100

SAT-9
  Factor 1: classroom management −0.024 −0.025 −0.027 −0.024 −0.022 −0.022
  (0.019) (0.019) (0.019) (0.019) (0.019) (0.019)
  Factor 2: interactive instruction 0.004 0.002 −0.004 −0.000 −0.007 −0.007
  (0.026) (0.026) (0.026) (0.027) (0.027) (0.026)
  Factor 3: teacher-centered instruction −0.033† −0.036* −0.035† −0.033† −0.042* −0.041*
  (0.018) (0.018) (0.018) (0.018) (0.018) (0.019)
  Observations 279 279 279 279 279 279
  R2 .024 .052 .057 .057 .069 .069
Class characteristics X X X X X
CLASS average score X X
FFT average score X X
PLATO average score X X
District fixed effects X X X X X X
Grade fixed effects X X X X X X

Note. Robust standard errors are reported in parentheses. All factors are in standardized values. Class characteristics include 
percentage of students who are male, in special education, English language learners, Asian, Hispanic, and African American; 
average age; and average prior test scores in ELA and math. ELA = English language arts; SAT-9 = Stanford Achievement 
Test, Ninth Edition; CLASS = Classroom Assessment Scoring System; FFT = Framework for Teaching; PLATO = Protocol 
for Language Arts Teaching Observations; VAM = value-added measure.
†p < .10. *p < .05.
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Again, given the small sample size, the estimates 
are not precise enough to provide a more definite 
conclusion. Moreover, this analysis is correla-
tional instead of causal. There may be other omit-
ted, unmeasured classroom practices or teacher 
behaviors driving the results, which prevents us 
from making strong cause-and-effect claims. 
However, the results are promising in terms of the 
alignment between the text-driven instructional 
factors and observation scores, as well as some 
consistent associations with value-added scores. 
Moreover, the results demonstrate the potential of 
this approach, which can be used at scale to cap-
ture a great deal of classroom data with a rela-
tively low cost compared with human raters. If 
districts and schools invest in systems for data 
capture and analysis, these types of data could 
provide a helpful complement to the more spo-
radic observations typically conducted by princi-
pals, coaches, and other instructional support 
providers.

Cost-Effectiveness

So far, our analyses have demonstrated that 
text-as-data methods are a promising approach to 
measure teaching practices. These computer-
generated measures align well with both mea-
sures from classroom observational protocols 
and are, in some cases, predictive of value-added 
scores. They also have reasonable reliabilities 
similar to measures from observation protocols. 
Given these promising results, a cost-effective-
ness analysis would further help us to understand 
the advantage of an automated approach com-
pared with using human raters. The cost-effec-
tiveness might be especially relevant for school 
districts with fewer resources and a desire for an 
economical option for supplemental measures of 
teaching. Such information could prove instru-
mental for costly professional development 
efforts and other policies and systems designed 
to give teachers formative feedback on their 
instruction.

The biggest cost-saving aspect of a text-as-data 
method is that it does not rely on human labor to 
rate teaching practices. Most school districts rely 
on principals to do classroom observations or 
walk-throughs, a process that is time-consuming 
and burdensome and still results, on average, in 
only a few observations each school year, leading 

to broad conclusions about the characteristics and 
quality of someone’s teaching based on one or 
two classroom visits (Cohen & Goldhaber, 2016; 
Grissom et al., 2013). Having exponentially more 
data from text-based systems could provide 
teachers with far more insight into their practice, 
and afford principals and coaches with a more 
comprehensive and multifaceted window into 
instructional quality in a classroom. Although we 
do not propose that text-based data systems 
replace human observers, we suggest that they 
could be an invaluable complement. Our analyses 
are premised on the fact that more observations—
and more metrics—would improve both forma-
tive and summative uses of teaching performance 
data. To get more performance information from 
such systems, a district would either need more 
raters to conduct more observations or utilize a 
text-based data system, which provide additional 
information.

Because it is not straightforward to directly 
quantify such cost-saving using monetary terms, 
we focus our cost–benefit analysis on a scenario 
where districts hire expert raters to conduct class-
room observation, such as those used for a time 
in Washington D.C.’s IMPACT evaluation sys-
tem (Dee & Wyckoff, 2015). For simplicity, we 
focus on costs due to human resource expenses 
(i.e., raters and trainers) and do not account for 
infrastructure costs, such as purchasing observa-
tional protocols in conventional classroom obser-
vations or developing computer algorithms and 
installing cameras and microphones in a text-
based system.

Based on our interview with a researcher and a 
staff member at the National Center for Teacher 
Effectiveness at Harvard University (H. Hill & S. 
Booth, email communication, March 6, 2020), 
the costs of using expert raters mainly include 
two parts: rater training and the rating process. 
The average fixed cost of training a rater is 
US$750, which includes 30 hours of training that 
costs US$25 per hour. To ensure reliable ratings, 
assuming we need to double rate 15% of the 976 
videos in this study, we would need 10 raters (i.e., 
close to 112 videos per rater), and training alone 
would cost US$7,500. An hour-long video 
requires roughly 2 hours of a rater’s time, and 
typically costs US$25 per hour for a rater. Thus, it 
would cost US$56,120 to rate all videos included 
in our study. The total cost of rater training and 
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ongoing rater support would total US$63,620. In 
contrast, once an algorithm is developed, the only 
cost of a text-as-data approach is from transcrib-
ing videos. In this study, we spent US$30 to tran-
scribe each video and in total it costed US$29,280 
to transcribe all the videos. As the technology of 
automated transcription continues to improve in 
accuracy, these costs will continue to drop. Thus, 
based on this simple back-of-envelope analysis, 
the minimum cost-saving from a text-as-data 
approach is 54% compared with a human-rater 
approach.

Discussion and Implications

Measuring and supporting teaching quality is 
a perennial topic in education policy research. 
For decades, classroom observations have con-
tributed to our understanding of what “good 
teaching” looks like, and yet researchers and 
practitioners would benefit from new tools that 
could identify a broader and more expansive set 
of classroom features, improve measurement 
precision by collecting data from more lessons, 
reduce cost, and help teachers better align their 
practices with those associated with achievement 
gains for students. As a proof of concept, this 
study took a novel approach to measuring teach-
ing quality, exploring the potential of text-as-data 
methods for creating automated and objective 
measures of classroom interactions and dis-
course. Using nearly 1,000 transcriptions of 
fourth- and fifth-grade ELA classes, we created 
six distinct measures, which can be reduced to a 
classroom management factor, an interactive 
instruction factor, and a teacher-centered instruc-
tion factor.

These three instructional factors are aligned in 
conceptually coherent ways with many of the 
domains and dimensions identified by the popular 
observation protocols CLASS, FFT, and PLATO, 
meaning that the text-as-data approach can detect 
classroom instructional practices that are consis-
tent with professional assessments of teaching 
quality conducted by human raters. The findings 
from the factor analysis also provide new evi-
dence on the teaching practices associated with 
student learning gains. Notably, the teacher-cen-
tered instruction factor negatively predicts teach-
ers’ value-added scores computed using SAT-9, 

suggesting the importance of students’ active par-
ticipation in classroom discourse for their devel-
opment of higher order thinking skills. Moreover, 
this association is robust even after controlling for 
teachers’ average CLASS, FFT, and PLATO 
scores, demonstrating that text-as-data methods 
have the potential to identify teaching practices 
that may be overlooked by current protocols.

To our knowledge, this study is the first to 
apply text-as-data methods to measuring multiple 
teacher practices and corroborate such measures 
by using both classroom observation scores and 
student learning outcomes. It certainly does not 
represent the last word on the subject, though, as 
the measures we created are far from sufficient to 
capture all aspects of effective teaching. There is 
also plenty of room to refine the methods we used 
and improve these measures. Nonetheless, this 
study demonstrates the potential of text-as-data 
methods to measure some aspects of teaching and 
suggests promising avenues for future research. 
In particular, we have only begun to explore the 
content of language; new dictionaries and meth-
ods such as neural network analysis can create far 
richer measures that are more closely linked to 
classroom content. Moreover, due to its small 
sample size, this study may not have enough 
power to identify important relationships between 
the constructs we developed and other measures 
of teaching. The specific grade levels, subject, 
and student population we examine also preclude 
us from generalizing the findings because, for 
example, classroom discourse may well look dif-
ferent in mathematics or in the primary grades. As 
one of the few studies to apply computational 
tools to education policy research, however, this 
study serves as a demonstration that the use of 
rich textual information and technology can 
inform critical education policy discussions. It is 
worth noting that all the MET data are based on 
video-based observations, while in practice, 
observations are generally done live, with in-per-
son raters. Studies have suggested that the modal-
ity of observation can prove consequential for 
assessments of teachers, and as such, future 
research should also look at correlations between 
text-based metrics and those scored in live class-
room observations (Casabianca et al., 2013).

Classroom observation is time-consuming 
for principals, instructional coaches, and other 
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school leaders (Grissom et  al., 2013), and as a 
result, we often make consequential inferences 
about teachers and provide corresponding sup-
ports based on only one or two classroom obser-
vations (Cohen & Goldhaber, 2016). Given the 
resources districts allocate to professional devel-
opment and supports for teachers, having sys-
tems to collect far more, and multifaceted, data 
could dramatically improve the precision and 
impacts of such improvement efforts. Formative 
assessment policies and programs like coaching 
have been shown to improve a range of student 
outcomes (e.g., Kraft et al., 2018), but the suc-
cess of such policies rests on coach capacity and 
skills at detecting key features of instructional 
quality. Moreover, existing systems are predi-
cated on the assumption that the features of 
instruction that “matter” for students are readily 
visible to trained observers. Given the volume of 
discourse and interactions that occur in busy 
classrooms, there may well be aspects of instruc-
tion that are difficult, if not impossible, to detect 
in this way. Our findings, which suggest addi-
tional utility of text-based data above and beyond 
information collected by three distinct classroom 
observation systems, indicate the potential for 
text-based data to enhance coach capacity in 
important ways that ultimately improve teacher 
and student outcomes. Of course, determining 
the realization of such benefits is outside the 
scope of this study, but they are important direc-
tions for future research.

An additional limitation of these analyses is 
our focus on language arts teaching. It is unclear 
from these data the degree to which or ways in 
which the psychometric properties detailed here 
would extend to other classrooms subjects. That 
said, discourse (Hess, 2002; O’Connor & 
Michaels, 2007; Walshaw & Anthony, 2008) and 
classroom management are key issues raised in 
teaching across content areas (Allen et al., 2011; 
Brophy, 2006). There is no conceptual reason to 
believe that text-as-data metrics would work 
more or less well in other subjects, though this, 
too, is an important empirical question.

Classroom observations are also time-con-
suming and resource intensive for researchers 
studying effective teaching (Kane & Staiger, 
2012). Automated metrics, such as the ones we 
discuss here, could help mitigate these issues for 
both practice and research in quick, cost-effective 

ways. Researchers have spent the last two decades 
trying to identify the highest leverage practices 
associated with a range of student outcomes (e.g., 
Ball & Forzani, 2009; Pianta & Hamre, 2009). 
Unpredictable raters and relatively modest asso-
ciations with achievement measures have marked 
these efforts. Using text-as-data methods to gen-
erate metrics could free up time and resources to 
conceptualizing the measures themselves and 
empirically testing the impacts of teaching prac-
tices on student outcomes. This renewed process 
of measurement building might speed up the pro-
cess of searching for high-leverage practices and 
shed new light on the relationship between aspects 
of teaching and student outcomes.

Admittedly, districts and schools need to 
invest in the infrastructure that allows them to 
record, transcribe, and analyze classroom data 
before they can benefit from the proposed meth-
ods. However, despite the initial costs, computer 
algorithms that measure certain teaching prac-
tices like those in this study, once developed and 
validated by researchers, do not need additional 
efforts to ensure measurement quality, and can be 
applied to any classroom transcripts across set-
tings with minimal to no additional requirements 
(Demszky et al., Under review).17

As such research matures, new tools that are 
based on computational techniques can be 
applied in practice to complement conventional 
classroom observations and provide teachers 
timely and informative feedback. Although dis-
tricts and schools need to invest in the upfront 
infrastructure before they can benefit from the 
proposed methods, many of the automated metrics 
we present here should theoretically be readily 
interpretable by teachers. The “use of open-ended 
questions” and “percent of instructional time dedi-
cated to classroom management” are constructs 
with which all teachers would be familiar. For 
school leaders, there is also enormous potential 
upside to having such automated metrics about 
instruction. Allocating time to observing and 
scoring can also limit the time for providing 
teachers feedback on their instruction, which 
might be most instrumental in driving improve-
ment (Cohen et al., 2020; E. S. Taylor & Tyler, 
2012). As such, school leaders would benefit 
from tools that provide accessible information 
about instruction, so principals and coaches 
could then focus their efforts on helping teachers 
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make sense of the information provided and 
identifying strategies for improvement.

Finally, we see potential for text-based met-
rics to provide teachers and school leaders with 
invaluable information about the distribution of 
talk across different students and groups of stu-
dents in a classroom. Participatory equity is a 
huge concern, as many scholars have noted dis-
parities in who participates in classroom dis-
course, as well as how they participate (Boaler, 
2008; Langer-Osuna, 2011). Recent work has 
demonstrated the potential for observations to 
capture some more nuanced discourse patterns, 
including how students from different racial and 
ethnic groups are engaged by their teachers (Shah 
& Crespo, 2018). A related ethical issue is about 
the privacy of language data, a commonly shared 
concern in research and practice that involves the 
use of human language. Fortunately, as technol-
ogy advances and automated speech recognition 
systems more readily detect different speakers 
but preserve privacy (Silva et al., 2020), we are 
optimistic that such data could provide teachers 
with helpful insight into participation patterns in 
their classrooms.

Of course, an important step in this would be 
the understanding of how principals and teach-
ers perceive automated measures and respond to 
the information they provide. A plus of class-
room observations—versus computer-generated 
VAMs—is their face validity among educators 
(Cohen & Goldhaber, 2016). We need to under-
stand more about the degree to which teachers 
and principals will see these automated mea-
sures as valid in the same way they do traditional 
observation-based metrics. Relatedly, we also 
need work focused on how interpretable auto-
mated metrics are for teachers and whether they 
are able to leverage the information provided by 
such measures to improve their teaching. We 
hypothesize that many of these measures would 
be accessible for teachers, but it remains an 
empirical question. These are all key directions 
for future research, but we see the evidence pre-
sented here as an important first step, a proof of 
concept that it is feasible to generate automated 
and objective measures of teaching practices 
that align with student outcomes and conven-
tional classroom observations using text-as-data 
methods.

Acknowledgments

The authors are grateful to Allison Atteberry, Eric 
Bettinger, Ben Domingue, Greg Duncan, Pam 
Grossman, Heather Hill, Helen Ladd, Susanna Loeb, 
Richard Murnane, Ann Porteus, and Sam Wineburg, 
for their helpful suggestions and comments. All 
opinions expressed are solely those of the authors.

Declaration of Conflicting Interests

The author(s) declared no potential conflicts of inter-
est with respect to the research, authorship, and/or 
publication of this article.

Funding

The author(s) disclosed receipt of the following 
financial support for the research, authorship, and/or 
publication of this article: The study received gener-
ous financial support from the National Academy of 
Education/Spencer Dissertation Fellowship, the 
Shultz Graduate Student Fellowship in Economic 
Policy from the Stanford Institute for Economic 
Policy Research, the Stanford Graduate School of 
Education Doctoral Student Award from the 
Technology for Equity in Learning Opportunities 
initiative, the Dissertation Support Grant from 
Stanford Graduate School of Education, and a dis-
sertation grant from the Stanford Freeman Spogli 
Institute.

ORCID iD

Jing Liu  https://orcid.org/0000-0002-9918-8642

Notes

1. Based on one estimate, districts spend on aver-
age US$18,000 per teacher every year on professional 
development (A. Jacob & McGovern, 2015).

2. Participating districts include the Charlotte-
Mecklenburg Schools, the Dallas Independent 
Schools, the Denver Public Schools, the Hillsborough 
County Public Schools, the Memphis Public Schools, 
and the New York City Schools.

3. The Measures of Effective Teaching (MET) proj-
ect sets out to improve researchers’ abilities to make 
causal inferences regarding teacher effectiveness. To 
avoid issues arising from students’ and teachers’ sort-
ing into classes, MET project researchers randomly 
assigned participating teachers to classrooms in each 
school, grade, and subject in the second year of the 
study. In constructing the sample for this study, we 
only included teachers who participated in the second-
year randomization process so that we can leverage the 
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randomization in follow-up studies and reduce costs 
for transcription.

4. For subject-matter specialists (mainly sixth- to 
ninth-grade teachers and a few fourth- to fifth-grade 
teachers), the MET project recorded four videos for 
each teacher. In the first year of the project, two class 
sections taught by each subject-matter specialist were 
recorded on two different days; in the second year, one 
class section was recorded on four different days.

5. For the approximately 25% of videos lasting less 
than 30 minutes, we transcribed the entire class time.

6. Due to data availability, the value-added scores 
are based on the performance of only those students 
who participated in the MET project rather than all 
students in the district.

7. Compared with Danielson’s Framework for 
Teaching (FFT), another widely used protocol that 
can be applied across subject domains, Classroom 
Assessment Scoring System (CLASS) also has more 
empirical evidence to support its use for evaluation 
(e.g., Pianta et  al., 2002) and improvement efforts 
(e.g., Allen et al., 2011).

8. For example, using the time stamps and number 
of words from the transcripts, we were able to measure 
the back-and-forth exchanges between the teacher and 
students, which are also assessed by the “quality of 
feedback” dimension of CLASS.

9. Linguistic Inquiry and Word Count (LIWC) 
identifies words associated with certain psychological 
dimensions, by using human judgment and extensive 
validation. For example, based on LIWC’s official 
documentation, “LIWC measures the degree to which 
texts reveal interests in power, status, and dominance 
using its Power dictionary. By definition, someone 
who is concerned with power is more likely to be siz-
ing other people up in terms of their relative status. 
Such a person will be more likely to use words such as 
boss, underling, president, Dr., strong, and poor when 
compared with someone who simply doesn’t care 
about power and status.” https://liwc.wpengine.com/
how-it-works/

10. These dimensions comprised four broad cat-
egories, including summary language variables (e.g., 
analytical thinking, authentic, emotional tone), lin-
guistic dimensions (e.g., articles, prepositions, auxil-
iary verbs), other grammar (e.g., numbers, quantifiers, 
comparisons), and psychological processes (e.g., affec-
tive processes, social processes, cognitive processes).

11. Supervised methods require a training data 
set with human labels that can “teach” the computer 
algorithm features of the construct researchers try to 
measure. In contrast, unsupervised methods are fully 
automated and do not require human input other than 
the programming process.

12. These two categories are originally developed 
to categorize writing styles (Pennebaker et al., 2014).

13. Lasso serves as a method of feature selection 
because it adds a penalty to small coefficients so that 
many coefficients are reduced to zero. For detailed 
explanation on how Lasso works, see Hastie et  al. 
(2009).

14. To test whether accounting for lesson-topic 
variances would change our factor structures, we 
follow McCaffrey et  al. (2015) by fitting a separate 
lesson-topic fixed effect model for each measure, and 
then subtract the estimated lesson-topic fixed effects 
from the raw scores. We then use the adjusted scores 
to fit an exploratory factor analysis (EFA) model and 
correlate these factors with those without adjusting 
for lesson-topic fixed effects. The correlations for the 
three factors are .995, .998, and .992.

15. One important indicator for social talk is using 
non-first-person-singular personal pronouns.

16. “Instructional Dialogue captures the purposeful 
use of content-focused discussion among teachers and 
students that is cumulative, with the teacher support-
ing students to chain ideas together in ways that lead 
to deeper understanding of content. Students take an 
active role in these dialogues and both the teacher and 
students” (Pianta et al., 2012).

17. The minimum requirements for using a fully 
developed computer algorithm that measures teach-
ing practice should be precisely transcribed classroom 
talks, with clear distinction on the speakers (i.e., teach-
ers and students). With text-as-data methods, more 
language data would yield more precise inferences. 
Thus, we would envision a lesson should be at least 20 
to 30 minutes long to produce useful measures.
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