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20.	 Automating feedback from recorded 
instructional observations: using AI to detect 
and support dialogic teaching

Jennifer Jacobs, Abhijit Suresh, Brandon M. Booth, Tamara 
Sumner, Jeffrey Bush, Chelsea Brown and Sidney K. D’Mello

INTRODUCTION

The Importance of Classroom Discourse

A growing number of proponents are calling for classrooms that encourage student-driven 
academic discourse, called dialogic classrooms. Although such classrooms are relatively rare 
(Applebee et al., 2003), there is a rising interest in delineating, encouraging, and studying them. 
Despite the lack of large-scale studies, mounting evidence suggests dialogic classrooms can 
support student success in the form of increased agency, engagement, motivation, and learn-
ing gains (Böheim et al., 2021; Howe et al., 2019; Kelly & Abruzzo, 2021; Resnick et al., 2015; 
Webb et al., 2019). Dialogic classrooms are generally consistent with the long-standing recom-
mendations of educators across disciplines, such as the Principles and Standards for School 
Mathematics (National Council of Teachers of Mathematics, 2000), the Framework for K–12 
Science Education (National Research Council, 2012), and the Common Core State Standards 
for English Language Arts (NGA & CCSSO, 2010). These recommendations include position-
ing students to actively communicate their thinking to others in the classroom, engage in oral 
and written argumentation, and participate in extended collaborative discussions.

Although there is no single, agreed-upon definition of dialogic teaching (Alexander, 2018), 
most descriptions are framed around two broad aspects of classroom activities: (1) the dis-
tribution of talk between teachers and students and (2) the nature of the ideas put forward 
representing multiple viewpoints (Hofmann & Ruthven, 2018). Resnick and colleagues offer 
a succinct yet broadly encompassing description of this pedagogical approach that is widely 
referenced in the literature and forms the foundation for accountable talk, which grounds the 
AI application discussed in this chapter. Resnick and colleagues posit:

In dialogic learning, students think out loud about a complex problem that requires collaboration: 
noticing something about the problem, questioning a surprising finding, or articulating, explaining, 
and reflecting upon their own reasoning…. Overall, the teacher’s goal is to sustain a teacher-led 
but student-owned process of shared reasoning that ultimately results in a more fully developed, 
evidence-backed conclusion, solution, or explanation. (Resnick et al., 2018, pp. 325–326)

Translating the philosophy behind dialogic learning into everyday classroom instruction 
represents a significant shift for most teachers (Herbel-Eisenmann et al., 2013; Lyle, 2008). 
Transitioning from leading more authoritative and monologic lessons to facilitating dialogic 
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lessons requires significant effort, intentionality, and skill (Hennessy & Davies, 2019; Webb 
et al., 2014). Research suggests that dialogic teaching requires teachers to adopt a purposeful 
mindset and a new behavioral repertoire, taking on a dialogical stance that includes a genuine 
commitment to soliciting students’ ideas, encouraging the exchange of ideas, and promot-
ing student agency (Davies et al., 2017). Unfortunately, much of the schooling infrastructure 
works against dialogic teaching, such as large class sizes, curriculum selection, assessment 
practices, and other institutional constraints (Lefstein & Snell, 2013). At the same time, there 
is an expanding literature on how teachers can move towards the purposeful incorporation of 
more dialogic practices (Walshaw & Anthony, 2008).

Opening a dialogic space for learners can take the form of using intentionally designed 
tasks, activities, and classroom routines to foster dialogue, as well as asking questions and 
providing other linguistic prompts (Wegerif, 2013). In this chapter, we focus on the discursive 
moves that invite student contributions and encourage the collaborative construction of knowl-
edge. These moves encourage dialogic learning by inviting multiple voices to enter and shape 
the knowledge-building process during periods of joint work on a given topic (Mercer et al., 
2019). Multiple codifications of dialogic teaching moves have been proposed, with account-
able talk theory being the most widely used at present (Tao & Chen, 2023). Accountable talk 
theory has helped to articulate and define several talk moves that can promote active engage-
ment in rich discussions (O’Connor et al., 2015; Resnick et al., 2018).

Accountable talk supports the educative potential of classroom discourse (Teo, 2019) by 
highlighting three dimensions of accountability in instructional practice: accountability to 
the learning community, accountability to content knowledge, and accountability to rigorous 
thinking. At the heart of accountable talk is the notion that teachers should organize inclusive 
and equitable discussions in a rigorous learning environment (Michaels et al., 2010; O’Connor 
& Michaels, 2019). Talk moves are a tool to generate such conversations by encouraging 
students to contribute and listen to each other, engage with the math content, and dig deeply 
into their own reasoning. For example, teachers can use moves such as pressing for reasoning 
or revoicing a student’s idea to foster accountability to rigorous thinking. Correspondingly, 
students can use moves such as providing an explanation or reasoning or linking their ideas 
to those of their peers (Candela et al., 2020). An increasingly common way to direct teachers’ 
and students’ attention to talk moves is by prominently displaying accountable talk stems, 
sentence starters, and similar resources in classrooms (e.g., Wagganer, 2015; Walter, 2018).

Using dialogic talk moves helps to enable an instructional shift from teacher-directed 
recitation to “true discussions” in which, in their fullest expression, knowledge is shared, 
negotiated, and constructed (Cazden, 2003). Moreover, by scaffolding conversations in which 
students play a central and purposeful role, teachers help to socialize children into a particu-
lar academic enterprise in which they are legitimate and essential participants (O’Connor 
& Michaels, 1996). Researchers have raised concerns regarding inequities in classroom dis-
course, including differences in engagement corresponding to academic achievement status 
(Kelly, 2008) as well as disparities in the quality of talk and opportunities to participate by 
gender, race, ethnicity, and other social markers (Reinholz & Shah, 2018). Establishing learn-
ing environments conducive to elaborated and sophisticated student talk is particularly impor-
tant for emerging multilingual students. Such environments foster language development and 
promote attention to and development of the resources (e.g., gestures, objects, everyday expe-
riences) multilingual students use to communicate in classroom discussions (Moschkovich, 
2002).
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Approaches to Observing Classroom Discourse

It is possible to observe the discourse in classroom lessons with various goals and applications 
in mind, including determining the degree to which the lessons are dialogic. As Lefstein and 
Snell (2013) argue, “We can ask of any discourse event who speaks to whom, about what, how 
often and for how long, and on the basis of the answers to those questions make judgments 
about how dialogic the event is and in what ways” (p. 15). Much like classroom observations in 
general, observations of the discourse can help to identify patterns and variations, document 
change over time, define the nature of “effective” discourse, and provide feedback that might 
inform professional learning and data-driven decision making (Calcagni et al., 2023).

Capturing conversational interactions through video and audio has long been critical for 
all types of analyses attending to collaborative dialogue (Erickson, 2011). Rapid advances 
in recording technologies enable teachers to easily and unobtrusively self-record their class-
rooms, with examples such as “classroom robotics” designed specifically for educators to film 
their instructional environments (Franklin et al., 2018). In addition, expanded storage capaci-
ties and newly developed online repositories aid in managing, sharing, analyzing, and learn-
ing from classroom recordings, affording a plethora of educative uses (Ramos et al., 2022).

A wide variety of approaches, spanning the spectrum from qualitative and quantitative 
methodologies, have been applied to the analysis of video- or audio-recorded classroom dis-
course data. Traditionally, fine-grained analyses of classroom discourse have relied primarily 
on detailed human annotation. Micro-level, turn-by-turn coding is commonly used in quali-
tative analyses, which enables careful attention to detailed information, such as how the co-
construction of knowledge occurs in a lesson (Hennessy et al., 2023). However, such efforts 
are human resource-intensive and difficult to scale to large quantities of data and, as such, 
are mostly confined to research projects. Approaches that support scaling these analyses to 
larger datasets could drive new insights, for instance, by connecting assessments of classroom 
dialogue to other variables of interest, such as measures of student performance (Howe & 
Abedin, 2013).

A significant barrier to using recorded lessons for automated analyses and corresponding 
teacher feedback has been the difficulty of recording sufficiently high-quality audio tracks. 
High-quality audio input is critical in order to generate accurate analytics about the specific 
nature of teachers’ and students’ utterances during a lesson. School classrooms are noisy 
environments, making it difficult to capture speech and language components of teacher and 
student interactions with high fidelity and without posing a major disruption to teachers and 
students (D’Mello et al., 2015). Building on advances in recording technologies, recent studies 
have demonstrated that classroom audio of sufficient quality can be collected with minimal 
imposition (Bokhove & Downey, 2018; Donnelly et al., 2016; Jensen et al., 2020). Being able to 
reliably and robustly record teacher and student classroom dialogue is a critical advance, ena-
bling new computational methods supporting the automated analysis of classroom recordings.

In the past few years, there has been an explosion in efforts to develop advanced algo-
rithms in natural language processing (NLP) in the form of AI language models such as 
ChatGPT, exemplifying the capability of these models to perform complex tasks with high 
accuracy. Building on these advances in the converging areas of automatic speech recogni-
tion, natural language processing, and machine learning, recent research has shown that the 
development and training of large language models to automate and scale discourse analyses 
is feasible (Song et al., 2021; Suresh et al., 2021). Working from recordings of speech from 
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K–12 classroom environments, researchers have developed a variety of AI models to reliably 
detect discursive features such as accountable talk, instructional talk, authentic teacher ques-
tions, elaborated evaluation, talk moves, and uptake (Datta et al., 2023; Demszky et al., 2023a; 
Donnelly et al., 2017; Jensen, E. et al., 2021; Kelly et al., 2018; Suresh et al., 2021; Tran et 
al., 2023). However, to date, only a few of these models have been integrated into deployed, 
teacher-facing professional learning tools.

The Potential of Automated Discourse Analyses to Support Teacher Learning

It is widely recognized that receiving personalized feedback on one’s work performance has 
a powerful influence on behavior and helps drive continuous improvement (Bryk et al., 2015; 
Hattie & Timperley, 2007). An extensive body of research suggests that formative feedback, 
or information that is intended to promote learning, should be non-evaluative, supportive, 
timely, and specific (Shute, 2008). The current gold standard for providing personalized feed-
back to teachers on their classroom instruction involves expert human observers, an effort 
that tends to be time-consuming, expensive, and challenging to provide at scale (van der Lans 
et al., 2016). In addition, human observers can be highly subjective, imprecise, and incon-
sistent, even when using standardized observation protocols (Kelly et al., 2020). Automated 
approaches to classifying instructional practice have fewer human biases and can be imple-
mented with lower costs and higher turnaround speeds, offering a potentially transformative 
approach to classroom observation (Liu & Cohen, 2021).

Recent research highlights the promising role that automated, data-driven feedback based 
on classroom recordings can play in supporting teacher learning about dialogic instruction. 
For example, Demszky and colleagues (2023a) created a tool called M-Powering Teachers 
that uses NLP models to provide online computer science college instructors with autogen-
erated information about their uptake of students’ contributions. Demszky et al. (2023a) 
describe uptake as a “high leverage dialogic teaching practice” (p. 1) that includes revoicing, 
question answering, elaboration, and other strategies indicating teachers are using students’ 
ideas as resources. The research team conducted a randomized controlled trial and found that 
receiving this feedback increased instructors’ uptake of contributions by 13% and improved 
students’ satisfaction with the course. Similarly, positive results were detected when the tool 
was used by research mentors who received feedback as they worked with high school stu-
dents through an online platform (Demszky & Liu, 2023). Another example is the Teacher 
Talk Tool developed by Kelly and colleagues (under review) that provides automatic feedback 
on aspects of teacher discourse in English Language Arts classes. A small-scale longitudinal 
feedback-response study with five teachers found that the Teacher Talk Tool promoted teacher 
reflection and focused attention on high-leverage discourse moves, though evidence of uptake 
was not investigated.

The authors of this chapter developed an AI-based tool that provides mathematics teach-
ers with automated, personalized feedback on their classroom discourse in alignment with 
accountable talk theory. This tool, called TalkMoves, generates information about the specific 
discourse moves used by both teachers and students during recorded lessons. A longitudinal 
pilot of the TalkMoves application points to its utility value for teachers, including a positive 
impact on their discourse practices over time (Jacobs et al., 2022, 2024; Suresh et al., 2024). 
Similar to the tools developed by Demszky and Kelly’s teams, the TalkMoves application is 
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fully automated and supports learning about dialogic practices through a minimal interven-
tion approach.

In the next two sections of this chapter, we describe the TalkMoves application in detail, 
including the training data it is built from, the application architecture, NLP model perfor-
mance, and the feedback dashboard. We present findings from a field study of the TalkMoves 
application, including classroom teachers’ documented use and perceived efficacy of the 
application and observed changes in their lessons. We then discuss how the TalkMoves appli-
cation was revised and updated for a different instructional context involving novice tutors 
and their instructional coaches.

USE CASE 1: THE TALKMOVES APPLICATION FOR TEACHERS

Application Overview

The TalkMoves application is a deployed web-based system that uses automatic speech rec-
ognition and deep learning models to analyze classroom recordings and detect the presence 
of teacher and student talk moves, drawing on accountable talk theory (Jacobs et al., 2022; 
Suresh et al., 2024). The system architecture involves an end-to-end, fully automated design to 
capture and process discursive information from recorded audio. This infrastructure includes 
data management and storage, a processing pipeline, and feedback generation. The applica-
tion consists of three interrelated components: (1) a cloud-based big data infrastructure to 
manage and process lesson recordings, (2) automated speech recognition and NLP models to 
classify talk moves, and (3) a personalized dashboard to visually display each teacher’s feed-
back analytics for their individual lessons and their lessons over time.

First, teachers generate and upload recordings of lessons directly into the TalkMoves web 
portal or through classroom-assisted technologies such as the Swivl (Franklin et al., 2018). 
The system asynchronously processes each recording through a sequence of steps, starting 
with converting the audio into a written transcript using automatic speech recognition ser-
vices. Recordings with high-quality audio inputs are critical for this speech processing to pro-
duce accurate transcripts that form the basis of all downstream analyses (Jensen et al., 2020).
The transcripts are then processed in a variety of ways, for example, to include timestamps 
and to indicate whether utterances are produced by the teacher or a student. Deep learning 
AI models analyze the transcripts to determine which sentence corresponds to a teacher- or 
student-generated accountable talk move.

Along with the resulting predictions from the AI models, additional analytics are applied to 
calculate other discursive features, such as how much talk came from the teacher versus the 
students, the degree to which the teacher incorporated wait time in their discourse, and stu-
dents’ use of math content words. Finally, the system compiles all this feedback and visually 
displays it on a personalized dashboard. Shortly after uploading a recording,1 teachers receive 
an email from the application notifying them that their lesson has been processed and provid-
ing a direct link to that lesson’s feedback interface. To ensure the privacy of both the teachers 
and their students, the application is password-protected and structured such that teachers can 
only view the feedback on their own lessons.

The AI models used within the TalkMoves application were custom-built by the research 
team utilizing a carefully crafted, human-labeled dataset to train a model with high accuracy 

9781035321537_bookpdf.indb   3459781035321537_bookpdf.indb   345 3/3/2025   4:06:50 PM3/3/2025   4:06:50 PM



346  Research handbook on classroom observation

for predicting specific accountable talk moves (Suresh et al., 2022a). This mode of training 
from labeled datasets is referred to as supervised learning in the realm of AI and machine 
learning. The training data were sourced from real-world, human-generated classroom tran-
scripts based on recordings of K–12 mathematics classrooms. All the transcripts were anno-
tated with six teacher talk moves (keeping everyone together, getting students to relate to 
another’s ideas, restating, pressing for accuracy, revoicing, and pressing for reasoning) and 
four student talk moves (relating to another student, asking for more information, making a 
claim, and providing reasoning), as shown in Tables 20.1a and 20.1b. These talk moves were 
selected for inclusion based on suggestions from accountable talk experts and the degree to 
which they lent themselves to the construction of accurate computational models (i.e., they 
were relatively frequent, and trained humans could establish high reliability). The selected 
talk moves represent the three categories of accountable talk: accountability to the learning 
community, content knowledge, and rigorous thinking.​​

For each teacher and student sentence in the transcript, the NLP deep learning models clas-
sify teacher and student sentences into discourse classes (or labels), aligning with the 10 target 
talk moves and distinguishing between sentences with and without talk moves. The model 
used in the deployed application was selected based on a series of exhaustive experiments with 
various state-of-the-art model architectures for sentence-level classification, including trans-
formers such as BERT (Devlin et al., 2019), Roberta (Liu et al., 2019), and BigBird (Zaheer 
et al., 2020). These large language models, also known as transformers, have exploded in 
popularity in the past decade because they can capture and apply context information across 
a wide range of data. Experiments with different transformer architectures yielded compu-
tational models with classification performance generally on par with well-trained humans, 
demonstrating the reliability and robustness of artificial intelligence algorithms applied to a 

Table 20.1a  �  Teacher talk moves included in the TalkMoves application

Category Talk move Description Example

Learning 
Community

Keeping everyone 
together

Prompting students to be active 
listeners and orienting students to each 
other

“What did Eliza just 
say her equation 
was?”

Learning 
Community

Getting students to 
relate to another’s 
ideas

Prompting students to react to what a 
classmate said

“Do you agree with 
Juan that the answer is 
7/10?”

Learning 
Community

Restating Repeating all or part of what a student 
said word for word

“Add two here.”

Content 
Knowledge

Pressing for 
accuracy

Prompting students to make a 
mathematical contribution or use 
mathematical language

“Can you give an 
example of an ordered 
pair?”

Rigorous 
Thinking

Revoicing Repeating what a student said but 
adding on or changing the wording

“Julia told us she 
would add two here.”

Rigorous 
Thinking

Pressing for 
reasoning

Prompting students to explain, 
provide evidence, share their thinking 
behind a decision, or connect ideas or 
representations

“Why could I argue 
that the slope should 
be increasing?”
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challenging educational context (see Suresh et al., 2019, 2021 for details). Of note is that the 
models using the TalkMoves application, as well as the corresponding training data, have 
been publicly released (Suresh et al., 2022a) and several other research teams have further 
experimented with and applied them to different instructional contexts (Balyan et al., 2022; 
Booth et al., 2024; Wang et al., 2023).

The nature and presentation of the TalkMoves feedback was generated through a collabora-
tive design (co-design) process (Penuel et al., 2007) undertaken by a group of teachers, mathe-
matics educators, learning scientists, and computer scientists. The resulting interfaces convey 
information using intuitive graphs and charts, highlighting patterns within individual lessons 
and longitudinally across multiple lessons. See Figure 20.1 for two example data displays of 
student talk moves. These displays show how often each type of student talk move occurred 
(displayed here in grayscale; teacher participants viewed colors indicating the accountable 
talk category) in the target lesson, along with the average frequency of these talk moves within 
all of the individual teacher’s lessons and across the full set of teachers who used the applica-
tion. The averages provide users with points of comparison but do not offer a “target” or make 
a judgment about the frequency of the talk moves within their lessons.

TalkMoves Pilot

We conducted a small, longitudinal pilot study of the TalkMoves application to explore teach-
ers’ use of the tool, their perceptions of its utility, and its impact on their classroom instruc-
tion. Twenty-one teachers from two school districts in the western United States volunteered 
to participate in the pilot beginning in Fall 2019. The teachers spanned grades 4–12, with most 
teaching upper elementary school (71%). The participants varied in their amount of classroom 
teaching experience (ranging from 4–32 years), but on average, were a relatively experienced 
group (M=15). Twelve teachers continued participating in the pilot for a second school year 
(2020–21). Like the full group, most of these continuing teachers taught elementary school 
(67%), and their average teaching experience was 16 years.

Table 20.1b  �  Student talk moves included in the TalkMoves application

Category Talk move Description Example

Learning 
Community

Relating to another 
student

Using, commenting on, or 
asking questions about a 
classmate’s ideas

“I didn’t get the same answer 
as her.”

Learning 
Community

Asking for more 
info

Student requests more info, says 
they are confused or need help

“I don’t understand number 
four.”

Content 
Knowledge

Making a claim Student makes a math claim, 
factual statement, or lists a step 
in their answer

“X is the number of cars.”

Rigorous Thinking Providing evidence 
or reasoning

Student explains their thinking, 
provides evidence, or talks about 
their reasoning

“You can’t subtract 
7 because then you would 
only get 28 and you need 
29.”

9781035321537_bookpdf.indb   3479781035321537_bookpdf.indb   347 3/3/2025   4:06:50 PM3/3/2025   4:06:50 PM



348  Research handbook on classroom observation

F
ig

ur
e 

20
.1

  �


In
te

rf
ac

es
 d

is
pl

ay
in

g 
fe

ed
ba

ck
 a

bo
ut

 th
e 

oc
cu

rr
en

ce
 o

f s
tu

de
nt

 ta
lk

 m
ov

es
 d

ur
in

g 
a 

se
le

ct
ed

 le
ss

on
 

(d
is

pl
ay

ed
 h

er
e 

in
 g

ra
ys

ca
le

)

9781035321537_bookpdf.indb   3489781035321537_bookpdf.indb   348 3/3/2025   4:06:51 PM3/3/2025   4:06:51 PM



Automating feedback from recorded instructional observations: using AI   349

During the first school year of the study, the teachers self-recorded and uploaded a total of 
210 mathematics lessons (M=10 lessons per teacher). The COVID-19 pandemic disrupted the 
school year and likely was part of the reason why only about half of the teachers continued to 
use the application for a second year. Nevertheless, we were pleased that 12 teachers continued 
to participate and recorded a total of 163 mathematics lessons (M=14 lessons per teacher), 
some of which were held remotely on a video conferencing platform. Teachers recorded their 
in-person lessons using a Swivl device provided by the research team; they recorded online 
lessons using Zoom or Google Meet. The TalkMoves application processed each uploaded 
lesson and generated emails notifying teachers that feedback was available to view on their 
personalized dashboards.

As shown in Table 20.2, teachers perceived the TalkMoves application as useful and 
informative for their classroom practice in both years of the study. In Year 1, most teachers 
felt that the data tool was at least “somewhat” useful (86%) and that the feedback prompted 
them to change their instruction at least “to some degree” (90%). Perhaps not surprisingly, 
the teachers who elected to continue using the application for a second year had slightly more 
positive initial perceptions than the full sample. In Year 2, almost all of the teachers felt that 
the tool was “relevant” or “very relevant” to their everyday teaching (92%), and all expressed 
that the feedback informed their practice “somewhat” or “a lot” (100%).​

The pilot study also explored changes in classroom discourse based on lesson recordings 
from the teachers who participated over two school years. These 12 teachers showed notable 
increases in both their own talk moves and their students’ talk moves. Tables 20.3a and 20.3b 
show the results from the Wilcoxon signed ranks test for nonparametric data comparing the 
average frequency of talk moves from Fall 2019 to Spring 2021. There was a significant (p < 
0.05) or nearly significant (p < 0.06) increase in three of the six teacher talk moves and all 
four of the student talk moves. Due to the small sample size and the lack of a comparison 
group, these analyses should be considered exploratory, and their generalizability is limited. 
However, they suggest that the teachers were motivated to engage with the application and 
use their data as a catalyst for self-reflection, eventually leading to observable changes in their 
everyday practice.​​

Table 20.2  �  Teachers’ perceptions of the application’s usefulness and how much 
it informed their practice in both years of the study

Teachers’ Perceptions Y1 All Teachers 
(n=21)
mean (SD)

Y1 Continuing Teachers 
(n=12)
mean (SD)

Y2 Continuing Teachers 
(n=12) mean (SD)

Usefulness of the 
feedback*

3.2 (0.8) 3.4 (0.7) 4.0 (1.2)

Informed practice** 3.6 (1.2) 3.9 (0.8) 3.9 (0.7)

Note: *Teachers’ survey responses about how useful/relevant the feedback they received was (1 = 
not at all useful/relevant, 5 = very useful/relevant).
**Teachers’ survey responses about how much the feedback informed their practice (1 = not at all, 
5 = a lot).
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Use of the Application for Individual Reflection

In this pilot of the TalkMoves application, teachers reviewed their classroom discourse data as 
part of an independent, cyclical process. The application provided an opportunity for individ-
ual reflection and learning for self-motivated teachers who recorded lessons and then looked 
over their feedback. The information provided to teachers in the form of visual analytics was 
intended to serve as a mirror rather than as an evaluation or outsider’s call to action. At the 
same time, sense-making and generating ideas for instructional change were entirely placed 
on individual users.

As depicted in Figure 20.2 (left), the ideal use of the TalkMoves application during the pilot 
study was a cycle that involved teachers (1) reviewing and making sense of the feedback pro-
vided by the application, (2) reflecting on appropriate instructional changes based on the feed-
back, and (3) purposefully implementing instructional changes. Each newly uploaded lesson 
represented an opportunity for a teacher to review additional data and consider their progress 

Table 20.3a  �  Change in the average frequency of teacher talk moves per lesson 
from Fall 2019 to Spring 2021

Talk Move Label Fall 2019
Mean Frequency

Spring 2021
Mean Frequency

All teacher talk moves 100 129**

Keep students together 53 64+

Get students to relate 2 4

Restating 2 3

Press for accuracy 37 44+

Revoicing 4 11***

Press for reasoning 2 2

Note: aAverages were calculated by first determining the average for each teacher and then 
averaging across teachers. All data were normalized for a 55-minute lesson.
+p<.06, *p<.05, **p<.01, ***p<.001.

Table 20.3b  �  Change in the average frequency of student talk moves per lesson 
from Fall 2019 to Spring 2021

Talk Move Label Fall 2019
Mean Frequency

Spring 2021
Mean Frequency

All student talk moves 27 51*

Relate to another student 2 5+

Ask for info 2 4*

Make a claim 14 25*

Provide evidence 8 17*

Note: +p<.06, *p<.05.
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on the metrics provided by the application. Certainly, the application has the potential to serve 
as a vehicle for shared inquiry by teachers, for instance, by structuring collective reviews of 
the feedback during professional learning workshops or instructional coaching sessions. In 
the next section, we will discuss how a revised version of the TalkMoves application was used 
by tutors in close consultation with instructional coaches.

USE CASE 2: THE TALKMOVES APPLICATION ADAPTED FOR 
TUTORS

The Tutoring Context

Building on the promise of the TalkMoves application for teachers, the tool was adapted for 
use by mathematics tutors. Human tutoring has consistently been found to yield impressive 
benefits for students. According to a meta-analysis of 96 randomized evaluations of tutoring 
programs, the vast majority of studies reported statistically significant impacts on student 
learning, with an impressive overall pooled effect size of 0.37 SD (Nickow et al., 2020). In 
the past few years, tutoring has become more widely accessible, particularly as a means of 
providing underserved youth with supplementary instruction as part of their regular school 
activities. A recent survey from a national sample of US public schools found that 59% pro-
vide standard tutoring (less than three times per week) and 37% provide high-dosage tutoring 
(three or more times per week) (Institute of Education Sciences, 2022).

The adapted tool leverages the AI models in the original application, fine-tuning them on 
a new dataset and customizing the application interfaces for use in tutoring contexts. This 
effort is part of a partnership with Saga Education, a large non-profit provider of mathematics 
tutoring services to high schoolers in Title 1 schools (i.e., public schools with predominantly 

Figure 20.2  �  Intended use of the TalkMoves application by teachers working 
independently (left), current use of the application by tutors 
working with coaches (right)
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low-income and historically marginalized student populations). Saga’s program includes a 
partnership with AmeriCorps, such that individuals can complete their year of service as full-
time tutors. Most tutors employed by Saga are “paraprofessionals”; they have college degrees 
but lack formal training in education and are not licensed or certified to be teachers. The tutors 
primarily work for one school year, during which they receive ongoing, individualized sup-
port and professional development from an instructional coach.

Participating schools build a tutoring period into their students’ course schedules as part 
of Saga’s high-dosage tutoring model, and students work with a human tutor every other day. 
Although the students are physically present in their school classroom, many tutors work 
remotely and interact with their assigned students via Saga’s virtual tutoring virtual work-
space, called Saga Connect. This shared workspace integrates video conferencing with digital 
whiteboards, calculators, and other tools to enable detailed mathematical representations and 
collaborative problem-solving. Tutors work with groups of 2–4 students at a time, providing 
the opportunity for collaborative and mathematically rich discourse.

Multiple evaluation studies have documented the efficacy of Saga’s program for signifi-
cantly improving students’ learning in math and their persistence in school (Guryan et al., 
2021; Nickow et al., 2020). School-based high-dosage tutoring is rapidly growing in popu-
larity, and the paraprofessional tutoring workforce is scaling quickly to accelerate student 
learning and to decrease racial and socio-economic achievement gaps (Minkos & Gelbar, 
2021). Accordingly, there is a pressing need for new models of tutor training that support 
their professional learning and ensure that the tutoring provided to large numbers of students 
is of consistently high quality (Kraft & Falken, 2021, p. 10). Specific challenges faced by 
novice tutors include learning to foster learning communities that require active student par-
ticipation, facilitate productive mathematical discussions, and engage with students equitably 
(Mackiewicz & Thompson, 2018; Topping, 2000). Tutors who receive on-the-job professional 
support have been shown to consistently produce better tutoring results (Gordon, 2009).

In much the same way research highlights the importance of dialogic learning during 
classroom instruction, students’ active participation in discussions is also strongly encour-
aged by the tutoring literature (Graesser et al., 1995; Topping, 2000). For example, the litera-
ture suggests that students should be encouraged to explain rather than be provided with an 
explanation by a tutor (Wittwer & Renkl, 2008). More expert tutors pose questions instead 
of lecturing or making assertions (Dolmans et al., 2002; Lepper & Woolverton, 2002). Rosé 
and colleagues (2003) found that when tutors prompted students to explain their thinking, 
such open-ended invitations commonly provoked students to provide wrong answers, which 
are particularly useful from an instructional perspective to build knowledge. When working 
with students individually or in small groups during a tutorial session, using discursive moves 
aligned with accountable talk theory to construct knowledge jointly is highly effective and is 
generally considered “best practice” (Jitendra et al., 2013; Moschkovich, 2004).

Use of the TalkMoves Application for Coaching

Saga expressed an organizational need to enhance the on-the-job training their tutors receive 
with automated and personalized feedback about their discourse, similar to that provided by 
the TalkMoves application. In particular, Saga leadership raised the concern that novice tutors 
often demonstrate their math knowledge through showing and telling rather than engaging 
in extended conversations with students—a problem of practice (Henriksen et al., 2017) that 
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the TalkMoves application aims to address. Independent of our work, the Saga Connect plat-
form records tutoring sessions for coaches to review. Saga’s coaches are expected to provide 
feedback on these videos on a regular basis as part of the coaching cycles they facilitate with 
each of their tutors. The discourse-focused data analytics generated by the application were 
identified as one way to supplement and enhance those coaching interactions. Incorporating 
data based on classroom observations has been demonstrated to help coaches identify areas 
of need, offer more targeted guidance, set measurable goals for improvement, and monitor 
progress over time (Glover et al., 2019).

AI-based feedback, such as that provided by the TalkMoves application, provides infor-
mation about the current state of tutor–student discourse within and across tutorial sessions. 
The adapted TalkMoves application supports Saga’s existing structure of coaching cycles, 
whereby coaches first review and filter the data before sharing and discussing it with tutors. 
As shown in Figure 20.2 (right), the intended use of the application for Saga tutors involves (1) 
the coach reviewing and making sense of the feedback, (2) the coach and tutor discussing the 
feedback and considering appropriate instructional changes, and (3) the tutor implementing 
the recommended instructional changes. Because tutoring sessions where Saga tutors work 
remotely are already routinely recorded and made available for coaches to review, much of the 
necessary infrastructure for the application is already in place. However, revisions to both the 
underlying computational models and the front end of the application were needed.

Overview of the Adapted Application

The system development process entailed integrating the Saga and TalkMoves technical 
architectures and data processing pipelines, updating the automated speech recognition mod-
els, fine-tuning the existing computational models based on teacher and student talk collected 
in mathematics classrooms to the Saga tutoring context, embedding the updated speech and 
language models into the analytic engine, and benchmarking the models’ performance and 
refining as needed (see Booth et al., 2024, for details). In addition, the visualized talk moves 
analytics were redesigned to support the work of coaches and tutors based on a series of co-
design workshops that led to new interfaces intended specifically for coaches working with 
tutors (Brown & Bush, 2024).

Comparing the original TalkMoves application and the adapted application, there are 
two major differences with respect to the NLP and automated speech recognition models 
(Booth et al., 2024). The adapted application uses a Roberta transformer model, similar to 
the TalkMoves application, but fine-tuned on data from Saga tutoring sessions. Additionally, 
the model in the adapted application uses an 8-past and 1-future sentence context window (in 
contrast to a 7-past and 7-future sentence context window) when classifying each teacher’s 
sentence. This context window adjustment ignores irrelevant (distal future) sentences and 
increases the past context to provide more predictive power, especially when dealing with 
context-dependent discourse moves such as keeping students together (Suresh et al., 2022b). 
By employing these techniques, the updated model shows a modest performance improve-
ment over the original. Second, the adapted application incorporates a more advanced auto-
mated speech recognition model, using OpenAI Whisper for ASR.
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Pilot of the Adapted Application

An initial pilot study of the adapted TalkMoves application was conducted in Spring 2023. 
The study took place in a large urban public school district in the mid-western United States 
that primarily comprises Title 1 schools. The sample included 11 Saga coaches and the 40 
tutors they supported. The coaches participated voluntarily and were asked to use the applica-
tion for either seven weeks (n=6) or four weeks (n=5). An opt-out comparison group who did 
not have access to the application was also included in the study, consisting of 11 Saga coaches 
and the 28 tutors they supported. All of the tutors worked with ninth- and/or tenth-grade high 
school students.

Unlike the teachers who piloted the original TalkMoves application, Saga users did not 
have to upload their own session recordings, as this is done automatically in the Saga Connect 
system. To access the feedback on a given tutorial session, coaches simply click on a link 
within that session to view the data analytics. Nine of the 11 coaches reported viewing at least 
some data for the tutors they supported. The number of page views ranged from 42 to 195, 
with an average of 110 page views (SD=54) by each coach over the study period, or between 
about four and seven page views per tutor per week.

Ten coaches completed a post-study questionnaire about their interest in and perceptions of 
the application. Among these coaches, all responded that they were either likely (50%) or very 
likely (50%) to use the application on a regular basis in the future. Concerning the feedback’s 
perceived usefulness, the average rating was 4.3 (very useful) out of a 5-point scale, and the 
lowest rating a coach provided was 3 (n=1). Nine of the ten coaches reported that the feedback 
helped them generate coaching goals for their tutors or measure progress towards previously 
generated coaching goals. Furthermore, all but three of the coaches indicated that they dis-
cussed the feedback with their tutors directly.

The research team was provided access to 2,350 tutoring sessions recorded during Spring 
2023 (ns=1,307, 1,043 from the treatment and comparison groups of tutors respectively). The 
updated application provided data on tutor talk moves; data on student talk moves is forth-
coming but was not available to users during the pilot study. Therefore, we considered changes 
in discourse practice only for tutor talk moves. Table 20.4 reports the standardized coeffi-
cients for change in talk move usage by tutor group over time resulting from a linear mixed 
effects analysis.

Results indicated that there was a measurable and statistically significant increase (p<.05) 
in the use of three of the talk moves for tutors whose coaches had access to the application 
compared to tutors whose coaches did not. The treatment tutors increased the number of times 
they used the talk moves keeping students together, pressing for accuracy, and revoicing, as 
well as increasing the overall number of tutor talk moves in their tutorial sessions. The change 
in talk move usage for comparison tutors was not significant, as expected. Interestingly, these 
are the same talk moves that showed a significant increase in the original TalkMoves applica-
tion pilot. Moreover, this increase took place in the relatively short time span that the applica-
tion was made available to their coaches, suggesting that these particular talk moves may be 
the easiest for tutors (and teachers) to increase with relatively minimal effort.

9781035321537_bookpdf.indb   3549781035321537_bookpdf.indb   354 3/3/2025   4:06:51 PM3/3/2025   4:06:51 PM



Automating feedback from recorded instructional observations: using AI   355

DISCUSSION

Potential of AI-based Feedback on Discourse from Recorded Observations

A number of recent AI-based efforts have focused on identifying and classifying discourse 
patterns from recorded classroom observations. This is likely due to compelling evidence 
that attending to discursive features is highly valuable for educators’ continuous improve-
ment efforts, especially if those features align with dialogic instruction (Lefstein et al., 2020). 
Although at present there are only a few deployed AI tools to support teacher learning, as 
discussed in this chapter, research has shown that the necessary components are feasible to 
develop, reliable in nature, and generally well received by users (Ogan, 2019). Fully automated 
applications are likely to become an increasingly common approach to providing personal-
ized, data-driven feedback from recorded classroom observations at scale (Demszky et al., 
2023b; Kelly et al., 2024, Roschelle et al., 2020; Suresh et al., 2024).

The two use cases of the TalkMoves application discussed in this chapter highlight the 
promise and potential of AI tools in the professional learning space. In both cases, the tool 
served as (1) a domain expert providing automated feedback on research-based discourse 
practices, (2) an application of the latest NLP models applied to interpreting complex, large-
scale discursive patterns, and (3) an end-to-end system designed to enhance educators’ peda-
gogical skills to lead discourse-rich lessons. Furthermore, the use cases show how data-driven 
feedback presented through relatively simple visual analytics can be useful in different edu-
cational contexts, including by experienced teachers and by paraprofessional tutors working 
with dedicated instructional coaches. AI-based feedback from classroom recordings offers 
access to information about discursive interactions at a much more detailed and nuanced level 
than previously possible, leading to new insights into instructional practices.

The degree to which users carefully review and appropriately interpret the data generated 
by an AI tool is key to its ability to impact practice; however, engaging in this kind of sense-
making process is not a trivial undertaking (Campos et al., 2021; Lefstein et al., 2020). In 
the case of the original TalkMoves application, data analytics were provided to individual 

Table 20.4  �  Standardized coefficients for change in talk move usage by tutor 
group over time

Category and Tutor Talk Moves Treatment Tutor
Group

Comparison Tutor
Group

All tutor talk moves .12* –.00

Learning Community: Keep students together .07* –.01

Learning Community: Get students to relate –.03 –.02

Content Knowledge: Restating1 — —

Content Knowledge: Press for accuracy .13* .02

Rigorous Thinking: Revoicing .05* –.06

Rigorous Thinking: Press for reasoning .04 .05

Note: 1Restating was infrequent (<1%), so it was not included in these analyses.
*p < .05.
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teachers who independently accessed and viewed their feedback. Analyses from the pilot 
study indicate that in-service teachers perceived the application to provide useful information, 
supporting reflective noticing (Sherin & Dyer, 2017) of patterns in their classroom discourse 
for targeted and self-guided improvement (Jacobs et al., 2024). By contrast, the adapted appli-
cation was intended for more collaborative and facilitated interactions between coaches and 
tutors, in alignment with Saga’s existing structure of coaching cycles guided by an articulated 
set of norms and expectations (Brown & Bush, 2024).

The feedback provided by the TalkMoves application is, at its core, simply a frequency 
count of a set of discourse events derived from accountable talk theory. By itself, the data 
provided to users is agnostic and non-judgmental, serving as a record of whether certain dis-
course events were or were not present during a recorded observation (Kelly, 2023). Moreover, 
the application does not offer pedagogical suggestions or set guideposts regarding which talk 
moves to use, how often, and in what instructional context (e.g., when during the lesson, with 
which students, in conjunction with certain tasks or activities). This intentional neutrality was 
a design decision based on teachers’ expressed concerns that an automated tool should not 
offer judgments regarding their instruction or set unrealistic expectations without knowledge 
of their instructional contexts, which could feel uncomfortable and untrustworthy (Suresh et 
al., 2024). At the same time, a more subjective presentation of the data is certainly possible to 
develop and may be welcomed by some educators. Future research is needed to explore under 
which conditions, if any, the application should provide more subjective guidance, recom-
mendations, and/or evaluations, and how that information might be perceived and taken up 
by users.

Future Directions: Knowns, Unknowns, and Challenges

The education field is currently in the early stages of developing user-facing AI-based appli-
cations that focus on classroom discourse behaviors to promote reflection and pedagogical 
change. However, it is becoming increasingly well understood how to develop deep learn-
ing models that can reliably detect subtle discursive acts on par with well-trained humans. 
Correspondingly, we can expect to see rapid growth in such models along with their applied 
use in an array of tools targeting student and educator learning across wide-ranging academic 
domains and schooling contexts (U.S. Department of Education, 2023).

Existing AI-based tools such as the TalkMoves application provide feedback on discourse 
moves central to dialogic classrooms using computational models that can accurately classify 
these dialogue acts. Future efforts will likely attend to even more complex discourse patterns, 
such as those that are multilingual (e.g., translanguaging) and multimodal (e.g., nonverbal 
communication) as more sophisticated AI methodologies are developed. In addition, applica-
tions that support dialogic teaching will need to move beyond providing feedback on discrete 
discourse moves and attend more holistically to the nature of classroom interactions at the 
intersection of discourse and socio-cultural norms, relational and affective patterns, and dis-
ciplinary content.

The TalkMoves application demonstrates the potential of modern natural language pro-
cessing techniques to help improve educational discourse, but it also surfaces a number of 
challenges for the field. For example, many important dialogic moves occur very infrequently 
(Park et al., 2017), and when combined with the challenges of collecting and annotating class-
room data, yield datasets with relatively few available inputs for model training (Suresh et al., 
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2019). Any given tool is unlikely to offer a robust, fully unbiased, “one size fits all” solution, 
and most will require customization for different usage scenarios to meet the needs of par-
ticular educational communities (Jensen, B. et al., 2021). Thus, we infer that an assortment 
of tools performing different functions for specific audiences, developed through rigorous 
experimentation and evaluation processes, will be necessary to make equitable and detectable 
progress at scale.

All of this innovation begs the question: What specifically does progress towards improved 
teaching and learning look like, and how can we ensure that AI-based tools do not cause 
unintended harm? We propose that developers and evaluators carefully consider and empiri-
cally address the following questions as they design and deploy automated tools that produce 
data-driven feedback derived from classroom recordings:

•	 What is the purpose or goal of the feedback?
•	 Is the feedback based on research or theory on best practices?
•	 Might the feedback or its presentation be construed as overly judgmental?
•	 What are teachers’ (or other educators’) perceptions of the utility of feedback?
•	 How should feedback be used for professional learning?
•	 What are the intended outcomes, for both teachers and their students?
•	 Does the tool help to professionalize teachers?
•	 What might harmful outcomes look like, and how can they be mitigated?

CONCLUSION

The Importance of Human–Technology Partnerships

Human–human relationships are central to the vast majority of educational endeavors, includ-
ing those that take place in traditional classroom settings, during tutoring sessions, and in 
other environments that involve learning through collaboration with others. Digital tools offer 
the unique opportunity to participate in a human–technology partnership, which will require 
new parameters, norms, and mindsets for productive engagement and maximum impact 
(Molenaar, 2022). AI-based tools hold a great deal of promise to support teacher learning in 
ways that were not previously possible, with relatively low costs. Two use cases examined in 
this chapter involved AI-based tools to rapidly quantify large amounts of classroom data and 
generate discourse-related data analytics that educators found useful and that led to changes 
in their discussions with students.

Similar to their relationships with other humans, it is essential that people perceive their 
relationship with technology, and in particular with AI, as trustworthy in order for automated 
feedback to be accepted and willingly acted upon. AI tools should offer computational assis-
tance that “augments and enriches, rather than replaces people’s intellectual work” (Heer, 
2019, p. 1844). Tools that involve recording classrooms are at particular risk of being viewed 
as evaluative, intrusive, judgmental, and surveillant, thereby limiting teachers’ receptiveness 
to using data-driven feedback as a catalyst for change (Madaio et al., 2021). Engaging in pur-
poseful and intensive co-design work can help to mitigate these risks and ensure that the result-
ant tools will be perceived as useful, relevant, and ethical to end users (Lin & van Brummelen, 
2021; Tuomi, 2020). Numerous studies have shown that participating in co-design enables 
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teachers to envision and bring about new forms of teaching and learning, while appropriately 
centering their needs and yielding innovations that are meaningful to their everyday practice 
(Holstein et al., 2019; Severance et al., 2016; Voogt et al., 2011). In particular, the co-design 
process helps potential resistances and tensions to emerge and be identified early in the devel-
opment stages and then mitigated with the appropriate design choices (Leary et al., 2016).

Using AI to Support a Changing Educational Landscape

Many would argue that classroom instruction has not substantively changed over the last 
several decades (Gallimore & Santagata, 2006), with the implementation of rich classroom 
discourse practices remaining particularly elusive. At the same time, the educational land-
scape most certainly has experienced dramatic shifts (National Academies of Sciences, 
Engineering, and Medicine, 2020), including a more diverse student population, new educa-
tional standards, and, most recently, an influx of paraprofessional tutors working with students 
during the school day (Kraft & Falken, 2021). Automated tools used for the observation and 
analysis of classroom instruction can and should be positioned to productively support these 
changes, attending carefully to the needs of diverse students, as well as educators working 
under a variety of circumstances.

Tools that provide concrete feedback on discourse patterns are poised to make a profound 
contribution “in pursuit of the large-scale improvement of teaching” (Correnti et al., 2015, 
p. 303), particularly when they offer educators opportunities for noticing, reflection, and 
knowledge construction related to their everyday practices (Chiu et al., 2022). Major shifts 
in instruction—such as those necessitated by dialogic teaching that centers inclusive student 
participation—are likely to require ongoing critical reflection by educators about their prac-
tice (Camburn & Han, 2015; Larrivee, 2000). Automated AI-driven feedback is uniquely posi-
tioned to encourage this type of highly ambitious shift by using information gleaned from 
recorded instructional observations to direct attention and motivate changes in behavior.

AUTHORS’ NOTE

The TalkMoves application development and research described in this chapter were funded by 
the National Science Foundation grants 1837986 and 1920510 and the Learning Engineering 
Virtual Institute (LEVI). Any opinions, findings, conclusions, or recommendations expressed 
in this chapter are those of the authors and do not necessarily reflect the views of the National 
Science Foundation or the LEVI program.

NOTE

1.	 Processing speeds vary, but typically feedback is accessible shortly after a recording is 
uploaded (i.e., within 30–60 seconds).
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